
 

FINANCIAL INSTITUTIONS AND PRODUCTIVE EFFICIENCY:  

A REDEFINITION AND EXTENSION  
 
 
 

by 
 

Norman Clement Jr., B.B.A., M.S. 
 

A Dissertation 
 

In 
 

FINANCE 
 

Submitted to the Graduate Faculty 
of Texas Tech University in 

Partial Fulfillment of 
the Requirements for 

the Degree of 
 

DOCTOR OF PHILOSOPHY  
 

Approved 
 

Philip C. English II 
 
 

William P. Dukes 
 
 

James R. Burns 
 
 

Michael A. Stegemoller 
 
 

John Borrelli 
Dean of the Graduate School 

 
 

August 2007 



 

Copyright 2007, Norman Clement Jr.



ii 

FORWARD 
 
 

Productive efficiency has its roots in the work of Edgeworth (1881) and Pareto 

(1927).  Pareto efficiency is achieved when it is not possible to reallocate resources to 

make one entity better off without making another worse off.  Debreu’s (1951) 

coefficient of resource utilization was an early attempt to measure inefficiencies.  

Subsequent work by Malmquist (1953) and Farrell (1957) in distance measures set the 

groundwork that became data envelopment analysis as developed by Charnes, Cooper 

and Rhodes (1978) and the Malmquist index as described in Caves, Christensen and 

Diewert (1982).  A troublesome area in the measurement of productive efficiency has 

been in a lack of agreement of what should be inputs and outputs despite the influence of 

the production approach of Benston (1965) and the intermediation approach of Sealey 

and Lindley (1977).  The resulting disagreement has left conflicting conclusions about 

the efficiency of banks. 

The measurement of the efficiency of mutual funds is in less turmoil only because 

such measurement attempts have been few.  Murthi, Choi and Desai (1997) is considered 

the first attempt at applying data envelopment analysis to mutual funds.  As with banks, 

there is disagreement over what should be inputs and outputs.  One of the more 

interesting disagreements seems to be whether risk is an input or an output, a battle 

similar to the one waged over whether deposits were an input or an output in the banking 

environment.  That battle seems to have been won in the existing literature by researchers 

classifying deposits as inputs.  The current disagreement over the classification of risk 

has just started. 
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PRODUCTIVE EFFICIENCY: 

A REDEFINITION AND EXTENSION 

APPLIED TO BANKS 

 
 

ABSTRACT 
 
 

Banks are found to have substantially lower average efficiency than indicated by 

previous studies.  Efficiency is determined by sample size, the number of inputs 

and outputs of the model, the choice of input and outputs and the degree of 

homogeneity of the sample.  Homogeneity appears to be one of the stronger 

drivers of average efficiency.  Some intermediation models may be biased toward 

finding higher average efficiency and lack criteria to determine whether the 

intermediation process is profitable.  The average bank is found to be 

competitive, but the low average efficiency scores found seems to be a result of a 

small percentage of banks that temporarily manage to attain some degree of 

super-efficiency.  The inputs and the outputs used in data envelopment analysis 

are standardized by utilizing accounting definitions and foundational finance 

concepts.  This allows modeling a bank’s productive process for the measurement 

of total productive efficiency and provides a way to include the profitability of a 

bank productivity process.  This standardized model can then be extended to 

analyze other industries. 
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PRODUCTIVE EFFICIENCY: A REDEFINITION AND EXTENSION 

APPLIED TO BANKS 

 
 
I.  Introduction 

Measurement of productive efficiency has yielded inconsistent outcomes because 

of differences in definitions of the inputs and outputs of the productive process, resulting 

in nearly as many definitions of inputs, outputs and firm efficiency as there are articles 

on the subject1.  This continued lack of consensus in defining inputs and outputs has lead 

to problems of omitted variables as well as conflicting combinations of inputs and/or 

outputs between articles. 

The productive efficiency literature has examined the sources of inefficiencies, 

focusing on technical, allocative and scale inefficiencies2.  This essay examines operating 

and financing inefficiencies as components of productive inefficiency.  For both 

operating and financing inefficiency, the traditional concepts of technical and allocative 

efficiency still apply.  Operating inefficiencies arise from the decisions made when 

acquiring factors of production and the choices made in the production of goods and 

services, resulting in the generation of lower cash flows than otherwise possible3.  

Financing inefficiencies are the result of the choices made while raising debt and equity 

                                                           
1Hunter and Timme (1995) characterized properly defining outputs as a problem that “plagues” bank 
efficiency studies.  Hughes, Mester and Moon (2001) comment that the definition of bank inputs and 
outputs seems “confused”.  No consensus yet exists as to the correct empirical design to accurately and 
consistently measure firm efficiency according to Vennett (2002).  Serrano-Cinca, Mar-Molinero and 
Fuertes-Callen (2006) comment that the myriad of choices of inputs and outputs give “an impression of 
confusion”. 
2 Technical efficiency seeks to maximize output with given inputs or minimize inputs for a given output.  
Allocative efficiency is the ability of a bank to choose the proper mix of inputs and/or outputs.  Scale 
efficiency is the ability of a bank to operate at an optimal size. 
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capital causing the firm to incur greater costs than necessary thus generating fewer assets 

available for utilization in the current and subsequent periods thereby reducing future 

operating efficiency.  This separation has not been addressed in the literature.  The 

balance sheet is composed of total assets, which are the source of profits generated by the 

firm, and liabilities and equity, which are the sources of financing for the firm.  Net 

income is a record of the profits generated by the firm as well as the consequences of its 

financing choices.  As a result, the balance sheet serves as the logical source for finding 

inputs and the income statement serves as the logical source for finding outputs. 

Roll (1977) and (1978) observed that the results from using the capital asset 

pricing model are sensitive to the benchmark portfolio used, given that the true market 

portfolio is unknown.  The measurement of inefficiencies is similar in that measurement 

of the efficient frontier is sensitive to the techniques used and definitions and 

assumptions made, given that the true efficient frontier is unknowable.  The measurement 

of productive inefficiency first requires a decision of which empirical method to use to 

estimate the functional form that is designed to measure inefficiencies.  This is generally 

derived from economic theory4 and is necessary for the development of proper data 

classifications and definitions related to the firm.  Second, a choice must be made as to 

the classification of the data used to estimate the functional form.  Third, the set of 

inefficiencies incurred by a firm must be defined.  Refinement and extension of the 

second and third issues are the focus of this essay.  This essay adds to the literature by 

standardizing the definition of inputs and outputs using foundation finance concepts and 

                                                                                                                                                                             
3 Ball and Brown (1968) report that tests using accrual income “were not outperformed” by those using a 
cash flow proxy. 
4 See Appendix A for a brief discussion of this issue. 
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accounting definitions thus allowing generalization to any industry and to any 

organization whether publicly or privately held.  Additionally, this essay will 

demonstrate a method to separate operating inefficiencies from financing inefficiencies.  

The performance of the techniques and classifications developed herein are compared to 

certain existing techniques to ascertain if they are indeed an improvement5. 

 

II. Theoretical Foundations and Empirical Estimation of Efficiency 

A.  Theoretical Efficiency and Current Evidence  

Formalization of the efficiency concept began with Edgeworth (1881) and Pareto 

(1927).  Pareto efficiency is achieved when it is not possible to reallocate resources to 

make one entity better off without making another worse off.  The initial attempt to 

identify inefficiencies originated with the coefficient of resource utilization as defined by 

Debreu (1951).  Koopmans (1951) adapted Pareto efficiency to the production process 

by defining optimality as the productive efficiency analog to the social welfare efficiency 

measure developed by Pareto.  Koopmans efficiency occurs when no output can be 

increased without decreasing another output given the resource constraints.  Malmquist 

(1953) introduced the idea of proportional scaling, an idea expanded by Caves, 

Christensen and Diewert (1982) into the Malmquist index, a geometric average of the 

ratio of two distance functions.  The Malmquist index allows measurement of the change 

in firm efficiency between adjacent periods. 

Central to the measurement of efficiency is the concept of an efficient frontier.  

This is the curve that describes the tradeoff between various costs (for cost minimization 

                                                           
5 Yeh (1996) found that banks with higher DEA scores tended to have “higher ratios in capital adequacy, 
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models) that lead to the highest possible level of output for those costs or the tradeoff 

between revenues for different cost allocations that lead to those revenues (for profit 

maximization models).  Firms that lie on or closest to the efficient frontier use the lowest 

level of inputs for a given level of output or produce the most output for a given level of 

inputs.  Once the efficient frontier has been estimated, the relative inefficiency of any 

specific firm is calculated as the distance of that firm from the estimated frontier.  Since 

the true frontier is unknown, different methods for determining the empirical efficient 

frontier may result in different measures of inefficiency.  The empirical efficient frontier 

is thus a byproduct of the assumptions of the model and the selection of inputs and 

outputs used to measure that particular efficient frontier. 

As researchers began to estimate a variety of efficiency measures, it became 

readily apparent that the significant differences between firms made statistical 

implementation of efficiency difficult.  By focusing on highly regulated industries, 

researchers hope to accomplish two things.  First, any differences between firms that 

would normally occur in broader applications are expected to be reduced by focusing on 

a single industry.  Second, the degree of homogeneity among firms in a highly regulated 

industry is expected to be greater than in unregulated industries thus making estimation 

of the empirical functional forms easier.  Both of these factors have historically made 

banking an industry of choice in the estimation of firm efficiency.  Despite this, the 

literature has been inconsistent in its conclusions regarding the efficiency of the United 

States banking industry suggesting that those differences are a product of the many 

methods used to measure efficiency, and in particular of the numerous definitions of 

                                                                                                                                                                             
asset utilization, and profitability efficiency, and lower ratios in financial leverage and liquidity.” 
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inputs and outputs6.  Each study finds an empirical efficient frontier relative to the 

assumptions and definitions made in that study, but the concern is that the sets of 

assumptions and definitions may be sufficiently misspecified such that the relative 

efficient frontiers found are not accurate estimates of the true efficient frontier.  Serrano-

Cinco, Mar-Molinero and Fuertes-Callen (2006) used a sample of 85 banks to examine 

bank efficiency relative to a series of 33 models.  Each model used some combination of 

three inputs and three outputs that did not use deposits as both an input and an output 

simultaneously.  Their inputs were the number of employees, physical capital and 

deposits.  Their outputs were interest and non-interest income, deposits, and loans.  Only 

one bank was found to be fully efficient for all models.  It was not unusual for some 

banks found to be fully efficient in one or more models to be found only 20% or 30% 

efficient in other models.  This underscores the problem of the inability to replicate the 

same levels of inefficiency when using different estimation techniques and using 

different classifications of inputs and outputs. 

Bauer, Berger, Ferrier and Humphrey (1998) assert that efficient frontier methods 

(DEA, SFA, TFA and DFA7) are to be preferred over standard financial ratio evaluation 

by regulators, but despite the immense amount of research, no preferred efficient frontier 

technique has emerged.  The authors instead propose a short list of consistency conditions 

that preferred methods should meet.  A method is considered a consistent method if it: 

(1) is distributionally comparable to other commonly used methods, 

                                                           
6 Mlima and Hjalmarsson (2002) report that European and North American studies found inefficiency was 
20 to 30 percent.  Berger (1993) found EFA and TFA studies found inefficiencies of about 20 percent and 
DEA inefficiencies of 10 percent to 50%. 
7 DEA refers to data envelopment analysis; SFA is stochastic frontier analysis also known as economic 
frontier analysis; TFA is thick frontier analysis; and DFA is distribution-free analysis.  All are discussed 
elsewhere in detail. 
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(2) produces approximately the same rankings of institutions, 

(3) predominantly identifies the same best and worst banks, 

(4) predominantly produces the same relative rankings of banks over time, 

(5) efficiency scores should be consistent with “competitive market conditions” 

and 

(6) measured efficiencies should be consistent with prevailing measures of 

performance. 

The authors found “mixed results” in their examination.  However, these consistency 

conditions imply that a frontier method is usable if it roughly provides the same 

information as other commonly used methods8.  A more stringent set of tests would 

include: 

(a) is the technique used (for example: DEA, SFA, TFA or DFA) well 

understood, 

(b) is the theory behind the technique commonly accepted (for example: 

portfolio, production or intermediation approaches), 

(c) are required assumptions reasonable (for example: price determination, 

convexity), 

(d) are the required inputs economically logical, 

(e) can the outputs be expected logically from the required inputs, 

(f) can the results be explained economically? 

                                                           
8 Pedraja-Chaparro, Salinas-Jiminez and Smith (1999) identified four measures of quality: the ability to 
identify relatively efficient and relatively poorly performing DMUs, ability to rank DMU performance, 
estimate inefficiency and allow for target setting for the inefficient, and examine industry-wide efficiency. 
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Current research has yielded inconsistent results with the current state of the art.  The 

successful comparison of some proposed or previously used model compared to the 

model presented here is more logically done using conditions (a) through (f) plus 

conditions (4) through (6) rather than conditions (1) through (6).  A comparative test of 

DEA versus SFA, TFA, DFA is beyond the scope of this essay although justification of 

the use of DEA has been presented elsewhere.  The theory behind most efficient frontier 

models is motivated by the production or intermediation theories, though this essay 

utilizes the well-known portfolio theory of the firm.  The reasonableness of assumptions 

is usually made in every paper, but they remain assumptions.  The economic logic of the 

inputs utilized is seldom addressed, although the debate between whether deposits are 

inputs or outputs seems to have been won by those defining deposits as inputs.  Most 

models break down when providing reasonable explanations for why the given outputs 

can be derived from the assumed inputs.  An economic explanation is usually not 

proposed9.  The proposed model is: 

Net income = f(Cash +Securities, Loans, All Other Assets, FTEs)          (1) 

By dividing through by total assets, this model retains a well known economic 

relationship: 

Return on Assets = f(Cash+Securities/Total Assets, Loans/Total Assets, All Other 

Assets/Total Assets)                 (2) 

A test of conditions (1) through (6) may provide inconsistent results because of the 

problem of the relative nature of the efficient frontier. 

 

                                                           
9 For an exception, see Cherchye, Kuosmanen and Post (2000). 
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Differing results may not provide a useful answer.  Consider the following model: 

Loans = f(Customer Deposits)              (3) 

This model may measure how efficiently a bank converts customer deposits into loans 

and the results could be valid, if that is where the researcher’s interest lies.  It does not, 

however, measure a bank’s total efficiency.  Once the logic of the proposed model has 

been established, consistency of results through time will be examined.  Stability of 

relative ranks and a general consistency of efficiency scores would provide evidence of 

the validity of the proposed model. 

 Once a DEA score is obtained, additional tests are used to determine the 

characteristics of firms on the efficient frontier and the characteristics of firms that 

improve their efficiency scores.  Mukherjee, Ray and Miller (2001) use a variety of 

explanatory variables in their second stage regression.  Some of these variables include 

asset size and the square of asset size, number of branches, output specialization, loan-to-

asset ratio and equity-to-asset ratio.  For the purpose of this essay, several tests are 

proposed, none of which use environmental variables. 

The first series of tests use the DEA score as the dependent variable and the 

components of total assets as described in the main model as the independent variables.  

Univariate tests are used to analyze the characteristics of bank inputs on the efficient 

frontier.  Then the Malmquist productivity scores are used as the dependent variable and 

the components of total assets are used as the independent variables, this allows for the 

analysis of the characteristics of banks that improve in efficiency.  The second series of 

tests initially use the DEA score as the dependent variable and the components of net 

income as the independent variable.  Univariate tests are used to analyze the 



Texas Tech University, Norman Clement Jr., August 2007 

 11

characteristics of bank outputs for banks on the efficient frontier.  The Malmquist 

productivity score is used as the dependent variable and the components of net income 

are used as the explanatory variables.  This allows for an analysis of the characteristics of 

banks relative to their change in efficiency10. 

 

B. Estimation techniques 

Various parametric and nonparametric methods have been developed to estimate 

empirically productivity and efficiency that do not require the use of market data11 or 

engineering studies12.  Empirical implementation of efficiency measures began with the 

Shephard (1953) input distance function and the Farrell (1957) technical efficiency 

measure.  Subsequently these measures evolved into several parametric and 

nonparametric techniques to determine the efficient frontier, a best practice frontier from 

which the relative inefficiency of firms is computed13. 

Common parametric methods include the stochastic or econometric frontier 

approach (SFA or EFA), the distribution free approach (DFA) and the thick frontier 

approach (TFA).  SFA evolved from Aigner and Chu (1968), Timmer (1971), Afriat 

(1972) and others.  Stochastic methods differ primarily in the distributional assumptions 

made about the error term and the form of the production function.  The distinguishing 

                                                           
10 Using environmental variables as explanatory variables, though interesting, are outside the scope of this 
essay.  Also of interest would be the differences in efficiency scores in an environment of rising versus 
falling interest rates. 
11 For example, many banks are privately held and many utilities are cooperatives and as such do not have 
publicly traded securities. 
12 Properly designed engineering studies may allow accounting data to be assigned more accurately to 
account codes for better input and output analysis.  For instance, occupancy costs, utilities, labor and labor 
burden could be properly distributed between deposit related functions and loan related functions. 
13 See Appendix B for a more complete description of these methods and their relative advantages and 
disadvantages. 
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feature of DFA (Schmidt and Sickles, 1984; and Berger, 1993) is the assumption that 

efficiencies are stable over time.  Random errors are assumed to average out over time 

thus requiring little to be assumed about the distributional form of the efficiency measure 

and random error.  TFA (Berger and Humphrey, 1991 and 1992b) assumes that 

differences between actual and predicted costs within an average cost quartile of a bank 

size class are attributable to random error and differences of actual and predicted costs 

between the highest and lowest quartiles of a size class represent differences in 

efficiencies. 

Non-parametric data envelopment analysis (DEA) applications used to compute 

efficiency originated with articles by Charnes, Cooper and Rhodes in 1978 and 1981.  

Another popular nonparametric method, free disposable hull (FDH), originated with 

Deprins, Simar and Tulkens (1984) and differs from DEA by relaxing the convexity 

assumption.  Neither method requires an assumption about the distribution nor an a 

priori definition of the production function.  These nonparametric methods are 

deterministic in that random error is not included in the model. 

 

C. Measurement of Necessary Inputs and Outputs 

Once a particular estimation technique and, if necessary, a functional form have 

been chosen, it is up to each researcher to specify which items from the balance sheet, 

income statement, call report or uniform bank performance report will be used as the 

necessary data to actually estimate efficiency using the chosen technique.  To understand 

why banks are particularly useful to study efficiency, it is necessary to understand the 

evolution of U. S. commercial banks, particularly with respect to their highly regulated 
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environment.  For many years, Regulation Q capped the interest rate banks were able to 

pay depositors and usury laws capped the interest rate that banks were allowed to charge 

on loans.  The result was that banking was viewed as a very homogeneous industry, 

which made banking a natural environment in which to analyze differences in productive 

efficiency.  The banking industry continues to be constrained by capital and reserve 

requirements, the Home Mortgage Disclosure Act and other social engineering 

objectives, restrictions on intrastate and interstate branching, as well as other legal 

restrictions on their activities14,15.  The banking efficiency literature does little in the way 

of justifying the chosen inputs and outputs beyond citing Benston (1965) when using the 

production approach or citing Sealey and Lindley (1977) when choosing the 

intermediation approach.  Hancock (1991) advanced the user-cost approach.  A fourth 

approach is to view a bank as a portfolio, the view taken in this essay16. 

Some of the inputs and outputs used in recent banking related papers are 

summarized in Table 1.  Though far from exhaustive, the variety of inputs and outputs 

utilized in this sample of banking studies is typical of the literature.  Each set of authors 

present only a brief rationale for the classification of different balance sheet and income 

statement items as inputs or outputs.  This is particularly the case in the context of the 

banking industry where the firm is providing a mix of products and services.  While there 

are obvious overlaps (loans as an output or deposits as an input), input and output 

combinations tend to vary widely among papers.  Researchers tend to prefer categorizing 

                                                           
14Siems and Barr (1998) suggest a properly developed model could provide regulators a useful off-site 
monitoring tool.  
15 Banks also serve as a transmission mechanism for monetary policy with its attendant constraints on their 
operations. 
16 Fama (1980) advocates the portfolio approach.  The portfolio view of the firm most readily allows 
generalization of firm inputs and outputs to other industries. 
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assets as outputs and liabilities as inputs, in keeping with the intermediation philosophy 

of Sealey and Lindley (1977), but labor, classed as an input and expressed in full-time 

equivalent employees, has its roots in the production theory of Benston (1965) and 

Benston and Smith (1975).  Assets, liabilities, equity and expenses have all been used as 

inputs.  Assets, liabilities, revenues and off-balance-sheet items have all been claimed to 

be outputs.  Overall, liabilities and equity seem preferred as inputs and assets as outputs. 

The intermediation approach classifies liabilities and equity as the inputs that are 

used to produce earning assets, which are the outputs.  Examination of Table 2 indicates 

that these inputs are located on the right hand side of the balance sheet and the outputs 

are on the left hand side of the balance sheet.  However, this leaves as a puzzle the 

disregard of the income statement.  The production approach classifies labor and capital 

as the inputs used to produce the bank’s output.  However, labor is a component of the 

income statement and capital is a component of the balance sheet17.  The portfolio 

approach would classify the balance sheet as a mix of long (left hand side) and short 

(right hand side) positions that generate the components of net income.  Total assets are 

all assets whether earning assets or non-earning assets, omission of non-earning assets 

would overstate efficiency.  Finally, total loans should include past due loans and non-

accrual loans, exclusion of such loans would also overstate efficiency. 

 

III. Theoretical Extension 

Modigliani and Miller (1958), using rather restrictive assumptions, demonstrate 

that the capital structure of the firm is irrelevant.  Changes in firm value are derived from 
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the firm’s operations and the utilization of its assets18.  Fundamental to the question of 

measuring bank efficiency is the proper definition of inputs and outputs.  In the context 

of Modigliani and Miller (1958) the inputs of a firm are its assets (which generate value), 

the outputs of a firm are its net income or cash flows (the value generated) and the equity 

and debt of a firm are its means of financing total assets.  In the purest sense of a cash 

basis business, cash is raised from equity and debt offerings and this cash is then invested 

in assets that generate the cash that provides future cash flows to the investors.  The 

initial extension of this idea to bank inefficiency will be to use as outputs net income 

decomposed into two parts, operating income and financing effects.  Data envelopment 

analysis will be used to compute bank inefficiency from the following function: 

OI – FE = f(CS, LN, OA, FTE).            (4) 

FE is the financing effect: interest expense, the implicit deposit reserve tax19 and 

identifiable financing costs20, FE will be net of tax effects; 

 OI is net income plus FE (OI – FE = net income21), 

 CS is cash plus securities, 

 FTE is the number of full-time equivalent employees, 

                                                                                                                                                                             
17 Depending on the researcher, capital (K) is located on the left hand side of the balance sheet and capital 
(C) is located on the right hand side of the balance sheet and sometimes on both sides.  
18 Berger and Mester (1999) state that any “funds raised would be worthless without the assets in which 
they are invested”. 
19 Banks are required to hold a percentage of deposits as vault cash and as a noninterest bearing deposit at 
the Federal Reserve, which reduces earning assets.  This implicit tax will not be included because of the 
size of the effect.  See appendix E for a discussion. 
20 An example is the cost associated with issuing subordinated debt.  Other noninterest financing costs may 
exist, but because of data limitations may not be separately identifiable, this may include a portion of labor, 
computer processing and occupancy costs. 
21 Labor is a reduction of net income (labor and labor burden expenses).  Cash may be spent on labor, 
which is included explicitly in this model as an expended asset or expense component of the income 
statement.  Of course there may be an explicit employment contract or an employee may be a common law 
employee.  Such intangible assets may be explicitly in the model as an input if the firm was the target of a 
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 LN is the bank’s loan portfolio, 

 OA is all other assets. 

Appendix C describes the alternative methods for developing banking efficiency 

measures and develops an example that suggests that viewing a bank from a Miller and 

Modigliani perspective makes the resulting measurement of efficiency more readily 

applicable to a broad selection of industries. 

The assumptions of Modigliani and Miller (1958) were subsequently relaxed to 

align their model to real world effects, one of which is income taxes.  Financing matters 

if for no other reason than interest expense is deductible for income tax purposes.  When 

estimating the efficiency of a bank, the efficiency that is estimated using equation (4) 

includes both the efficiency effects created during the production process and the 

efficiency effects created during the financing process.  What is observed then is total 

firm efficiency not just operational efficiency.  Since financing is a choice of the firm, of 

ultimate research interest is the operating efficiency of the firm without taking financing 

effects into account.  Financing effects must be removed from the initial model to allow 

for the computation of operating efficiency.  The first modification of the initial model is 

then to add back to net income the financing effects (net of income tax effects) to 

compute operating inefficiencies. 

 OI = f(CS, LN, OA, FTE)             (5) 

Financing inefficiency may then be computed as the difference between operating 

inefficiency (OE) and total inefficiency (TE) under assumptions of linearity: 

 TE = OE - FE, therefore             (6) 

                                                                                                                                                                             
takeover, but most such contracts are not explicitly valued other than as labor and related expenses are 
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 FE = OE - TE             (6a) 

or a ratio of operational inefficiency to total inefficiency under assumptions of 

nonlinearity: 

 TE = OE *FE, therefore             (7) 

 FE = TE/OE.             (7a) 

Alternatively financing efficiency may be computed directly.  This model’s output would 

be the same as in (4), but the inputs would be the components of the right hand side of 

the balance sheet22. 

 OI – FE = f(NIBD, IBD, EQ)             (8) 

where NIBD is noninterest bearing debt, 

 IBD is interest bearing debt and 

 EQ is equity. 

Logically, the outputs can be thought of as the return to equityholders (OI) and the net 

financing cost of debt incurred by equityholders (FE).  Pyle (1971) describes the 

requirements for intermediation to take place, in particular noting the interdependence of 

a bank’s assets and liabilities23.  Myers (1977) generalizes the discussion of the 

interdependence of the assets and liabilities to all firms.  The implication is that financing 

inefficiency may be more correctly derived from total inefficiency rather than directly 

measured because of the lack of independence between assets and financing.  However, 

if the direct measure and the indirect measure are approximately the same, given 

                                                                                                                                                                             
incurred and recorded through net income.  See Coase’s (1937) theory of the firm as a nexus of contracts. 
22 These models utilize one output and three inputs to maintain equivalent dimensionality.  Overall 
efficiency tends to increase as dimensions are added when using DEA as more avenues of efficiency are 
available. 
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measurement error, the conclusion may be that interdependence effects are minimal.  If 

moderate differences are noted, the implication may be that the difference between the 

two measures may be an indication of the magnitude of the interdependence effect.  A 

significant difference could imply an incorrect model or theory. 

A bank’s portfolio of assets is used to produce financial products that also require 

labor and capital.  Capital (K)24 is the asset (or input) side of the balance sheet.  A firm’s 

portfolio of assets is financed with equity and debt, which is the capital (C) or financing 

used to purchase capital (K).  The firm’s income statement (or output) provides a 

description of its production process.  Briefly, outputs are a function of the firm’s inputs 

and financing.  The intermediation approach of Sealey and Lindley (1977) understates 

allocative inefficiency by defining outputs as earning assets only.  Operating 

inefficiencies occur when the earning assets generate lower cash flows than what is 

otherwise possible.  This may be from allocative inefficiencies or technological 

inefficiencies.  Legal requirements may dictate the allocation of assets as in the case of 

the deposit reserve requirement that allocates a required amount of cash to non-earning 

vault cash or deposits with the Federal Reserve or it may be necessary in the case of the 

purchase of the furniture, fixtures and equipment required for labor to produce outputs.  

In some cases a bank may not participate in providing a financial product because of a 

lack of expertise (a technical inefficiency).  Operating efficiency is the ability of a firm to 

offer and produce the optimal mix of outputs from the most efficient mix of inputs.  

                                                                                                                                                                             
23 Cohen and Hammer (1968) note the importance of interactions between a bank’s liability and capital 
structure and its asset structure, pointing out that the use of rules of thumb such as the ratio of loans to 
deposits is evidence that bankers and regulators are aware of the importance of such interactions. 
24 Classically this was land, but here this would include all the tangible and intangible assets of the firm. 
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Financing inefficiencies occur when greater financing costs are incurred than 

necessary.  Banks may incur financing inefficiencies by paying higher interest rates 

and/or incurring higher costs to service transaction accounts than its competitors.  The 

mix of deposits, debt and equity also affect financing inefficiency.  Financing efficiency 

reflects the ability of the bank to finance itself efficiently, whether it is the ability to 

attract and service depositors, raise long-term debt or raise equity financing efficiently.  

Banks are subject to a number of regulations and one of those regulations is the deposit 

ratio requirement, a component of monetary policy regulation, which is called by some 

an implicit tax25.  This regulation reduces the amount of capital that a bank can use to 

produce earning assets thereby causing operating income to be less than potential 

operating income26. 

 

IV. Implementation 

Following the model development above, estimation of bank total efficiency, 

financing efficiency and operational efficiency using the DEA approach and the 

Malmquist productivity index, was implemented using annual call report data available 

from the Chicago Federal Reserve for the 2000 – 2005 period.  Inputs were computed as 

the average of the beginning of year balance sheet accounts and end of year balance sheet 

accounts.  Outputs were the income statement accounts of the intervening year.  Full-

time equivalent (FTEs) employees were an average of FTEs at the beginning of the year 

and FTEs at the end of the year.  

                                                           
25 See Fama (1985) for a detailed discussion of the deposit ratio requirement in the context of an implicit 
tax, including the incidence of the tax. 
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DEA does not require the specification of a production function nor does it 

assume random error.  Anderson, Brockman, Giannikos and McLeod (2004) concur with 

the opinion of Seiford and Thrall (1990) that DEA has an advantage over regression in 

that DEA is a measure of relative performance rather than a measure of average 

performance; that is, decision making units (DMUs) are compared relative to an efficient 

frontier whereas regression is a measure of average performance.  Use of DEA extends 

logically to the Malmquist productivity index.  The Malmquist productivity index 

measures the increase or decrease in productivity between periods rather than assuming 

that productive efficiency remains constant.  Therefore, this essay uses data envelopment 

analysis because of its flexibility, the need for fewer model assumptions and its logical 

extension to the Malmquist productivity index.  Difficulty in running the data analysis 

for DEA scores necessitated splitting the data sets in half (sometimes more than once) 

and obtaining the resulting scores for each half.  The lowest scores from each half were 

deleted (usually less than one or two dozen) the reduced data set was run.  Once scores 

were obtained from this reduced set, the deleted scores were reinserted to obtain a full 

data set of scores.  Because the lowest scores were deleted, very little difference in 

distributions was expected as these banks were likely to have very low scores that were 

unlikely to change.  However, no equivalent workaround was found for Malmquist sets 

that would not run as any bank is likely to have a large change in efficiency and would 

be dependent upon which data set the underlying DEA score was obtained.  Therefore, 

for purposes of the Malmquist scores, the smallest fifty banks were deleted from each 

                                                                                                                                                                             
26 Appendix E provides a detailed discussion on the issue of the implicit tax imposed by the deposit reserve 
requirement. 
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quintile and the resulting reduced set was used to obtain the Malmquist scores used for 

analysis. 

 

V. Results of Empirical Analysis 

A. Model Selection 

The definition of a model in the DEA literature is an informal definition.  DEA 

refers to a variety of linear optimization techniques that are used to compute an efficient 

frontier of “best practice” banks.  The “best practice banks” are, by definition, given an 

efficiency score of 1.  All other banks’ efficiency scores are then computed relative to 

these “best practice” banks.  A model therefore refers to the choice of inputs and outputs 

a researcher uses to compute efficiency scores.  This technique is quite different from the 

stochastic techniques that use predefined production functions.  No predefined 

production function is required with DEA, nor assumptions about prices.  Any 

regressions are done after the DEA score is computed using the DEA scores as the 

dependent variable.  In this dissertation, because of the collinearity between input 

variables, univariate analysis is used rather than regression because of the goal of 

determining bank characteristics of more efficient banks relative to less efficient banks 

rather bank efficiency changes resulting from economic effects (interest rate changes, for 

example). 

The other models referred to in this section (Mukherjee et al., Wheelock and 

Wilson, Tripe) are used to compute results using their choices of inputs and outputs to 

compare to the results obtained using the 3-input and 4-input models of this paper.  

These comparative results are in the nature of an extension of those authors’ previous 
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work using the data set of this dissertation.  It is not intended to be a replication.  The 

purpose of using additional comparative models is to explore the influence of factors that 

affect efficiency scores, sample size, the number of inputs and outputs, homogeneity and 

choices of inputs and outputs.  Use of a common data set allows for the direct 

comparison of models not other possible because each of the alternative models used 

cover different years. 

Table 1 provides a list of the inputs and the outputs of a representative sample of 

articles that use DEA to calculate the efficiency of banks.  The issue of whether the 

results of these papers can be explained economically will be addressed by examining 

two papers, Wheelock and Wilson (1999) and Mukherjee, Ray and Miller (2001), in 

detail.  The intermediation theory of Sealey and Lindley (1977) says that earning assets 

are the logical choice for the outputs of a bank and that deposits are correctly 

characterized as an input.  Therefore the intermediation model should be as follows: 

Securities, Loans, Other Earning Assets =  

f (deposits, other purchased funds, subordinated debentures and notes)         (9) 

Intermediation is driven by banks using deposits and other borrowed money to produce 

loans and other securities.  This suggests that efficiency measures the ability of a bank to 

minimize its cash balance to deposits ratio and other non-earning assets on the output side 

and to maintain a minimum ratio of equity to loans on the input side.  Banks are limited 

in their ability to minimize cash and equity ratios because of regulatory minimums.  

Recalling the banking regulatory environment that has existed until recently that 

frequently forbade branches and multistate operations; banks were similarly constrained 
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in achieving economies of scale in non-earning assets27.  Such a constrained model is 

conducive to finding high measures of efficiency, but such a model does not include 

criteria to determine whether profitable intermediation is taking place.   

According to Berger and Humprey (1997) the inputs should include funds and 

their interest cost, however Wheelock and Wilson (1999), an intermediation paper, uses 

inputs that include fixed assets, time and savings deposits, net federal funds purchased, 

securities sold with an agreement to repurchase, other borrowed money and FTEs, thus 

omitting interest costs.  Their outputs include demand deposits and four classes of loans.  

Berger and Humphrey (1997) warn that the service flow data needed to measure the 

intermediation of funds between savers and borrowers is not typically available.  Given 

that detailed transactional flow data is usually not available, balance sheet data is used 

instead and is assumed to be proportional to the flow data.  However, Wheelock and 

Wilson use stock amounts of loans and deposits as the outputs and fixed assets and FTEs  

as the inputs, all of which are consistent with the production approach as well as certain 

liabilities as the inputs.  Wheelock and Wilson (1999), while a self-professed 

intermediation approach paper, looks more like a production approach paper28.  

Economically, it is difficult to see what is being measured.  Earning assets are not outputs 

because securities are omitted.  Intermediation is not being measured because liabilities 

are inputs and outputs.   

                                                           
27 A bank may be able to establish branches to accumulate deposits and make loans yet maintain a central 
operating location to house central processing, trust departments and other operations that would otherwise 
be duplicated.  A single board, team of executive officers, and loan review committees would also increase 
economies of scale.  
28 According to Berger and Humphrey (1997), the production approach says that banks produce services for 
account holders, so output should be the number and type of transactions or documents processed over 
some time period, such data is usually not available.   
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While the model presented in this essay is readily transposed into a return on 

assets model, no such relationship or transformation is evident in Wheelock and Wilson.  

Although their model measures efficiency, no inputs or outputs are included that provide 

a measure of the profitability of the intermediation process.  Good intermediation would 

imply that the bank is being properly compensated for providing intermediation services.  

This is usually shown through components of the income statement such as interest and 

fee income and/or as a reduction of interest expense and other operating expenses.  

Wheelock and Wilson show that banks declined in efficiency over the period examined 

with the largest banks decreasing in efficiency from 0.8868 in 1984 to 0.5987 in 1993.  

The smallest banks decreased in efficiency from 0.7376 in 1984 to 0.4152 in 199329.  

The large bank classification consisted of banks over $1 billion in assets and utilized 

sample sizes as small as 79 banks in 1984 to 187 banks in 1993.  The smallest banks 

consisted of Banks with assets under $100 million and a sample size of 11,137 banks in 

1984 to 11,387 banks in 199330. 

A second intermediation approach paper is Mukherjee, Ray and Miller (2001) 

whose inputs include transaction deposits, non-transaction deposits and equity and whose 

outputs include three classes of loans, securities and investments.  This is consistent with 

the intermediation approach although the authors include FTEs as an input, which is 

consistent with the production approach.  Although components of the income statement 

                                                           
29 Burger and Humphrey (1997) cite a number of DEA studies.  Many of the studies found U.S. bank 
efficiencies in the mid 70% area, although one study cited (Akhavein, Berger and Humphrey (1997)) using 
DFA found efficiency scores as low as 0.24 for United States banks.   
30 Caves and Barton (1990) assert that there is a relationship between the number of observations and 
technical efficiency.  Alam (2001) found evidence consistent with this theory, specifically when regressing 
efficiency scores on the square root (SQRTN) of the number of DMUs, the coefficient of SQRTN is 
negative and significant.  The Mukherjee, Ray and Miller (2001) model was used on a decreasing sample of 
banks.  Average efficiency scores increased steadily with the decrease in sample size as reported in Table 3. 
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are included to provide measurement of the profitability of intermediation, the largest 

income and expense accounts (interest income and interest expense31) are omitted which 

implies that the measurement of the rewards and costs of providing intermediation is 

incomplete.  Non-earning assets are omitted, as is long-term debt and subordinated 

debentures.  This implies that efficiency is not being properly measured.  Again, it is 

difficult to see the full economic relationship between the inputs and the outputs.  No 

readily apparent transformation seems possible to determine what is being measured.   

Both papers do provide models that measure some type of efficiency that changes 

with the economy.  The Wheelock and Wilson (1999) model appears to measure an 

increase in efficiency by increases of loans and deposits relative to non-earning assets 

and equity.  An increase in loans and deposits is consistent with a favorable economy32.  

To the extent loans and deposits increase faster than FTEs, fixed assets and purchased 

funds, a bank would appear to have greater efficiency.  However, if loans (for example) 

are growing rapidly, this model does not have a mechanism to determine whether these 

loans are collectible or costly to acquire. 

The Mukherjee, Ray and Miller model would respond to the economy much as 

the Wheelock and Wilson model would except that with the inclusion of securities and 

investments as an output, a bank would be measured as more efficient if it chose to 

                                                           
31 Contrary to Berger and Humprey (1997) who say that the inputs should include funds and their interest 
costs. 
32 The proportion of earning assets would increase relative to total assets as non-earning assets such as 
property, plant and equipment would generally decline as a percentage of total assets and nonearning cash 
in the vault and on deposit at the Federal Reserve, while increasing, would increase only as a percentage of 
total deposits.  Similarly, as deposits increase, equity would not be expected to increase as quickly.  
Because required equity or qualified subordinated debentures and notes is only a percentage of loans, such 
portions of the right hand side of the bank’s balance sheet would increase more slowly than deposits.  The 
net effect of these changes would explain apparent increases and decreases in efficiency as banks respond 
to the economy. 
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invest additional deposits in securities rather than investing only in loans.  Their model 

would also capture efficiency effects from banks that manage to increase fee income and 

hold non-interest expenses under control.  However, the omission of interest income and 

interest expense leaves the model incomplete.  Mukherjee, Ray and Miller examined the 

201 largest U.S. banks and found efficiency under variable returns to scale grew from 

0.894 to 0.916 in the period 1984 through 1990. 

 

B. Size Effects 

The average DEA score of a sample of banks may be affected by the size of the 

sample, the total number of inputs and outputs of the model, and the degree of 

homogeneity of the included banks.  The following discussion highlights the possible 

effect of each of these model and sample characteristics on the measurement of 

efficiency.  Table 3 shows the relationship between sample size and average DEA scores 

using the 4-input model.  The column marked “Random1” uses a random sample of 

2,000 banks where the descending rows are subsamples of banks taken from the initial 

2,000 banks.  The column marked “Random2” are independent random samples of 

banks.  The column marked “Top Banks” is a sample banks that includes the top 2,000 

banks ranked by average total assets.  Not all efficiency scores increase monotonically as 

the sample size decreases.  The columns “Random1” and “Top Banks” include smaller 

subsamples of the 2.000 banks chosen from the initial sample.  Efficiency scores increase 

monotonically as the sample size is reduced.  However, the column marked “Random2” 

has independently chosen random samples and the efficiency scores, though trending 

higher as the sample size decreases, does not do so monotonically.  These results suggest 
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that the homogeneity of the sample may have a stronger effect on efficiency than the size 

effect of the sample.  The size effect is driven by the probability that as the sample size 

increases, the likelihood of an addition of a frontier bank increases thus driving down 

mean efficiency scores as suggested by Caves and Barton (1990). 

 

C. Effects Attributable to the Number of Inputs and Outputs 

This section presents evidence of a DEA phenomenon that average efficiency 

increases as the number of inputs and outputs of a model increases.  Table 4 summarizes 

the average efficiency scores of the top 2,000 United States banks for the year 2000 

using the Mukherjee, Ray and Miller (2001) model.  Similar outputs were combined to 

reduce the number of outputs from five to one then similar inputs were combined until 

the number of inputs was also reduced to one.  Efficiency scores decrease monotonically 

as the number of dimensions of the model were reduced from ten down to only two thus 

confirming the possibility that the relatively high levels of efficiency found may be 

function of the number of inputs and outputs used and consistent with current literature. 

Table 5 compares the efficiency of the largest 500 and 200 U.S. banks.  Panel A 

presents the mean efficiency scores for the years 2000 through 2005 for five 

representative models.  T refers to Tripe (2004) whose model uses one output and two 

inputs.  The three-input and four-input models are as described in this essay and differ 

only by the inclusion of FTEs in the 4 - input model.  WW refers to Wheelock and 

Wilson (1999) whose model uses three inputs and five outputs.  MRM is Mukherjee, Ray 

and Miller (2001) whose model includes five inputs and five outputs.  This table 

examines the relationship between the number of inputs and outputs of a model and the 
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resulting efficiency score.  There is a clear positive association between the number of 

inputs and outputs used in a model and the resulting DEA efficiency score that is 

consistent with the existing literature. 

Mukherjee, Ray and Miller (2001) was chosen as a source for a representative 

model with several inputs and outputs and is an intermediation model and it uses a small 

sample size.  Both of these attributes are important when examining potential sources of 

model bias.  The Wheelock and Wilson (1999) was chosen because that paper was a 

comparative paper in the Mukherjee, et al. paper.  It also has the additional attributes of 

being written by two authors affiliated with the Federal Reserve, it uses an unusually 

large sample size and it has more dimensions than the model proposed here.  These 

attributes are useful in examining potential sources of model bias.  Tripe (2004) is 

chosen for comparative purposes because the Tripe model not only has inputs from the 

balance sheet and outputs from the income statement as does the proposed model, but it 

also has fewer (3) dimensions than the proposed model, whereas the Wheelock and 

Wilson (1999) and Mukherjee, et al. (2001) models have more dimensions than the 

proposed model.  Though the effect of sample size and the number of inputs and outputs 

on average efficiency has been mentioned in the banking literature, the effect of 

homogeneity has not.  Use of the above mentioned paper along with the 4 input and 3 

input models allow a comparative exploration of the effects of sample size, 

dimensionality and homogeneity.   

The term “dimensions” refers to the total number of inputs and outputs used in 

the model.  For example, the MRM model uses five inputs and five outputs and thus has 

a dimension of ten.  The line “2000 MRM” uses efficiency scores generated by the MRM 



Texas Tech University, Norman Clement Jr., August 2007 

 29

model from the year 2000 and reduces the dimensions by combining similar output and 

then similar inputs to reduce the dimensions to the dimensions of the other four models.  

Note the similarity of efficiency scores attributable to the reduction of dimensions of the 

MRM model relative to the other models.  Panel B presents data from the years 2000 and 

2001 for the largest 200 U.S. banks.  DEA efficiency scores were computed from the 

same five different models.  Results are similar to those in Panel A in that there is a 

general positive association between the number of dimensions of a model and the 

resulting mean and median efficiency scores.  However, unlike Panel A the Tripe 3 

dimension model results in higher efficiency scores than the 4-input and 3-input model.  

These three models are similar, but the Tripe model lacks the inclusion of expenses 

omission of which may explain the higher efficiencies.  The higher efficiency scores in 

Panel B may be attributable to a smaller sample size and/or greater homogeneity because 

the samples of both panels are from the largest U.S. banks.  Four of the models show 

somewhat similar efficiency scores.  Mukherjee, et al. show a higher efficiency score 

than the other four models and may be attributable to the higher dimensionality of its 

model compared to the other four models.  Note that efficiency scores decline as the 

number of inputs and outputs decline.  Three of the models (Tripe, the three-input and 

four-input models) are similar in that inputs are generally from the balance sheet and 

outputs are from the income statement.  The remaining two models are the 

intermediation models discussed earlier.  The remaining differences are attributable to 

measurement differences.  Mean DEA scores are remarkably similar given the 

differences in the models.  The Tripe (2004) model indicates a higher level of efficiency 

in banks than all but the Mukherjee et al. model in Panel B and, in contrast to Panel A, 
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shows how the choice of inputs and outputs may affect efficiency scores.  Observe the 

difference in efficiency of the Tripe model between the top 500 and top 200 banks in the 

years 2000 and 2001.33 The Tripe model was chosen because it was most similar to the 

model of this essay in spirit.  The model has two inputs, total deposits and equity capital 

which makes it similar to using total assets except for those banks that have long-term 

debt and subordinated debentures, omission of which increases efficiency.  The single 

output is interest income.  Use of only interest income overstates efficiency because of 

the omission of all expenses.  Though increased interest income would imply more 

efficient use of assets, control of expenses is another way a bank can achieve greater 

efficiency.  Cost efficiencies are not being captured in the Tripe model.  It also 

understates efficiency to the extent a bank earns non-interest income.  Fee income has 

become increasingly important to banks since deregulation.  Such increasing fee income 

seems to be an argument in favor of the idea that the intermediation process may be less 

important to banks in general and some banks in particular since deregulation.  This 

suggests that the intermediation model may need to be replaced with a model that 

captures all of the non-intermediation processes of a bank.  Omission of all expenses is 

expected to be the greater of the two effects.  By comparing Panels A and B the size 

effect of sample size differences is also apparent.  For instance Panel A shows that the 

Mukherjee et al. model obtains an average efficiency for the top 500 U.S. banks of 0.798 

whereas the model obtains an average efficiency for the top 200 U.S. bank of 0.867 for 

the year 2000. 

                                                           
33 Tripe (2004) stresses the need that the chosen inputs and outputs of a model cover the “full range of 
resources used and outputs created… particularly if one really wants to assess a financial institution’s 
efficiency at converting inputs to outputs”. 
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D.  Homogeneity Effects 

Though the literature specifies the need for homogeneity, the effects of this 

homogeneity requirement are unclear.  Table 6 examines the effect of homogeneity34 on 

average efficiency scores.  A sample of 100 banks for panel A and 200 banks for panel B 

were chosen from each size quintile for the years 2000 through 2005.  Each panel A (B) 

sample included a consecutive sequence of 100 (200) banks ranked by size.  Each sample 

of 100 (200) was chosen on an ad hoc basis.  The purpose of this table is to show that 

there is a positive association between sample homogeneity and resulting efficiency 

scores.  The homogeneity issue in this essay is met by choosing only United States banks 

that have been issued an FDIC number, otherwise, no restrictions have been added other 

than those necessary to prepare the data for analysis35.  Table 6 provides some evidence 

that banks chosen on a more homogeneous basis show efficiency scores similar to those 

in previous studies36.  By using a more homogeneous selection method, the average bank 

has an efficiency score more in line with scores expected in a competitive banking 

environment.  The two panels also show the previously discussed negative association 

between the size of the sample and average efficiency score.  Full sample average 

efficiency scores for panel A ranged from 0.033 to 0.254 and from 0.027 to 0.264 for 

panel B. 

                                                           
34 Greater homogeneity is attained by grouping banks on the basis of average total assets.   
35 For example, because average inputs were used, a bank had to exist a full year and a quarter to be 
included in the DEA analysis.  Beginning values for 2000 used a bank’s ending balance sheet from the 
fourth quarter 1999 and the fourth quarter of 2000.  Computation of the Malmquist index requires two 
years of consecutive data requiring a bank to exist for at least two years and a quarter. 
36 Bauer, Berger, Ferrier and Humphrey (1995) report average efficiencies in the 0.70 plus range, and 
Mukherjee, Ray and Miller (2001) report average efficiencies in the 0.80 to 0.92 range. 
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The evidence presented thus far indicates that great caution is needed when 

measuring bank efficiency.  The effects of sample size, dimensionality and homogeneity 

may have greater effects than the choices made in inputs and outputs.   

 

E. Validation Conditions 

One of the validation conditions proposed in the introduction suggested that the 

results should reflect the expected competitive condition of banking in the United States.  

Table 737 suggests that the typical bank is quite inefficient compared to those on the 

efficient frontier, however, homogeneity is stressed in the literature38.  Most banks are 

found to be in the lowest two deciles of efficiency scores39.  Though only a relatively 

small number of banks are efficient, these efficient banks tend to be banks from the 

largest40 and smallest size quintiles of banks.  Several factors may be driving these 

results.  First, a large sample of banks is used, each year includes somewhere between 

approximately 7,600 banks to nearly 8,500 banks.  This suggests that the low average 

efficiency score to some extent is driven by the sample size effect.  Recall that as the 

sample size increases, the more likely more efficient banks are included in the sample 

driving down the average efficiency score.  A second result of the large sample size is 

reduced homogeneity.  Evidence presented previously suggests that average efficiency 

scores are strongly, and positively associated with homogeneity.  Inclusion of most banks 

                                                           
37 Table 7 includes the four input model as well as the three input model which omits FTEs and a three 
input model where net income is replaced with net income with bad debt expense added back.  Results are 
similar. 
38 See Haas and Murphy (2003) and the immediately preceding discussion. 
39 Removing the most efficient banks and recomputing efficiency scores, though raising mean efficiency 
scores, still indicated most banks are inefficient. 
40 Mukherjee, Ray and Miller (2001) examined the efficiency of the approximately 200 largest United 
States bank and found efficiency scores in the 0.8 to 0.9 range. 
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suggests that homogeneity is lower than that of other studies41.  Third, the number of 

inputs and outputs also drive average efficiency scores and the model of this essay is 

somewhat smaller than many papers in this area. 

Whether efficient banks stay efficient and inefficient banks stay inefficient is the 

second of the validation condition suggested in the introduction.  Good banks are 

expected to stay good banks and poorly performing banks are expected to remain poorly 

performing banks.  Rank tests (not reported) were performed for each pair of years and 

rejected the hypothesis that bank rankings stayed the same.  Wheelock and Wilson (1999) 

remarked that the average United States bank operates “considerably less efficiently than 

the existing technology allows”42.  Table 8 displays the number of banks that comprise 

the efficient frontier43 and the number of banks that comprise the population of inefficient 

banks.  Only two banks managed to stay on the efficient frontier in every year of the six 

years examined.  Of the 491 observations of banks that scored in the top half of 

efficiency, 134 banks were represented.  Alternatively, 846 banks managed to stay out of 

the lowest percentile of efficiency.  Of the 9,032 banks represented in the bottom 

percentile, 2,311 of them managed to stay in the bottom percentile of efficiency every 

year of the six years examined.  The results of Tables 7 and 8 do not suggest that the 

typical bank is quite inefficient, but that it is much more likely that several dozen banks 

manage to be substantially more efficient than the bulk of the banks in the United States 

                                                           
41 For example, Mukherjee, et al. found relatively high average productivity scores with their relatively 
homogenous sample of the top 200 U.S. banks whereas Wheelock and Wilson (1997) found much lower 
average productivity scores given their substantially larger sample size. 
42 One explanation of why bank efficiency may be low is provided by Kalish and Gilbert (1973)42 who note 
that bank regulators may limit approval of new banks or bank branches to those markets where profitability 
appears sufficient high to permit additional competition.  Therefore, banks are motivated to suppress 
profitability below some critical level that would allow the creation of additional competitors. 
43 The efficient frontier is composed of those banks whose efficiency score equals one. 
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each year.  Table 8 indicates that it is difficult for a bank to become efficient enough to 

reach the frontier or the deciles near the frontier, much less stay there.  However, Figure 

1 suggests another way to look at Table 8 in the light of the super-efficiency suggested by 

Andersen and Petersen (1993).  The typical bank may actually be quite competitive with 

the large majority of other banks, but a few dozen banks each year manage to achieve 

some temporary competitive edge that allows them to surpass the typical bank.  In this 

light, the results are not contrary to a competitive banking system. 

The third validation condition set forth by Bauer, et al. and reviewed earlier 

suggest that banks with high DEA scores should compare favorably using traditional 

measures of performance compared to banks that have lower DEA scores.  Yeh (1996)44 

found that banks with higher DEA scores were associated with superior performance as 

measured by traditional measures.  Following Siems and Barr (1998), the Yeh (1996) 

ratios for banks in the top quintile of scores are compared to the same ratios for banks 

from the lowest quintile of banks and tested for statistical significance.  Table 9 reviews 

the results and indicates that in general the desired associations are found.  But when the 

indicated associations are not found, the contrary results tend to lack statistical 

significance at the 5% and 1% levels.  The column marked ‘Yeh’ denotes the direction of 

the associations found by Yeh.  Higher (lower) means that Yeh found that banks with 

higher DEA scores were associated with higher (lower) ratios as indicated.  The amounts 

represent the difference in the various Yeh ratios of banks in the highest quintile of DEA 

scores to those banks in the lowest quintile of DEA scores.  Results are for the years 

                                                           
44 Other studies have found associations using accounting ratios in banking.  For instance, Palia (1993) 
examines the target bank in an acquisition in terms of profitability, growth, capital and loan quality.  For 
example, return on assets in the year prior to a merger is found to have to be positive and very significant. 
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2000 through 2005.  Percentage consistent refers to the proportion of ratios found to be 

consistent with the findings of Yeh.  The results indicate that the association between 

DEA efficiency scores and the given ratios as found by Yeh are also found using the 

model employed by this essay.  For example, Yeh found that banks with higher DEA 

scores are associated with higher net worth/total assets ratio.  The results indicate that 

such an association is found for all years 2000 through 2005 and are statistically 

significant at the 1% level.  Additionally, except for 2004, a preponderance of ratios was 

found to have the indicated association as discussed by Yeh. 

Table 10 compares the various models presented in this dissertation using 

primarily the Yeh (1996) ratios.  The following ratios were dropped, net income before 

taxes/total operating income and total operating income/total assets.  These ratios were 

replaced with return on assets (ROA) and return on equity (ROE).  The line denoted 

“Yeh” represents Yeh’s association of banks with higher DEA scores relative to the 

individual ratio.  The ratios for ROA and ROE represent my anticipated association only.  

Amounts in bold represent the model with the best ratio in each category.  In addition to 

the Mukherjee, Ray and Miller (MRM), Wheelock and Wilson (WW), Tripe (T), and the 

three and four inputs models proposed in this dissertation, an additional model is 

presented.  The intermediation model (I) represents an intermediation model that uses 

only balance sheet accounts for inputs and outputs.  For instance, securities and loans are 

outputs.  This differs from the intermediation models of Mukherjee et al. and Wheelock 

and Wilson and more in keeping with the spirit of Sealey and Lindley (1977).  Each line 

item for a model represents the average ratio for all banks achieving an efficiency score 

of 1, the efficient banks taken from a sample composed of the top 200 U. S. banks ranked 
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by total assets for the year 2005.  The line marked Top 200 represents the average ratio 

of the all of the top 200 banks as a group.  The line marked “All Banks” represents the 

average ratio for all U. S. banks in 2005.  Amounts shown in bold represent the best ratio 

in a given category of ratios.  The number of banks achieving an efficiency score of 1 is 

shown in the column marked “n”.  The MRM, WW and I models are variations of the 

intermediation model.  The 4-input, 3-input and T models are similar in that inputs are 

balance sheet accounts and outputs are income statement accounts.  Models with the 

highest or lowest ratio in the direction indicated tend not to be intermediation models.  

For example, the 4-input model has the best ratio of net worth to total assets (0.124) of 

all of the models presented.  In the years 2000 through 2004 (not presented), the 

intermediation models (MRM, WW and I) are dominated by the non-intermediation 

models (4-input, 3-input, and T). 

Table 11 shows the association of account characteristics of banks when ranked 

by their DEA score.  Banks in the top quintile of DEA scores are compared to banks in 

the bottom quintile of DEA scores.  Statistical significance of the difference in 

proportion of assets in cash and securities, loans or other assets; non-interest bearing 

debt, interest bearing debt and equity; interest income and other income; interest 

expense, other expenses, tax expense and bad debt expense; and the amount of net 

income and full-time equivalent employees is tested for the years 2000 through 2005.  

Results tend to be as expected.  Banks with higher DEA scores are associated with banks 

that have a higher proportion of their assets in loans and lower proportions in cash, 

securities and other assets.  These banks are also associated with higher proportions of 

their liabilities in non-interest bearing debt and equity and lower proportions in interest 
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bearing debt.  Although, banks with higher DEA scores are associated with higher 

proportions of income from non-interest income in the years 2000 through 2002 such 

banks are associated with lower proportions of income from non-interest income in the 

2003 through 200545.  Banks with higher DEA scores are associated with a higher 

proportion of expense from other expenses and lower proportions of expense from 

interest expense and taxes than banks with lower DEA scores.  Finally, banks with higher 

DEA scores are associated with higher levels of net income and FTEs than banks 

showing lower DEA scores, and may be suggestive of a possible size effect. 

Table 12 begins the examination of the Malmquist index for banks over the 2000 

through 2005 period.  Years 2000 to 2001 and years 2004 to 2005 show a wide 

dispersion of changes in efficiency.  The years 2001 to 2002 and 2002 to 2003 show a 

general shift toward declining efficiency in most banks whereas the years 2003 to 2004 

show a clear shift toward improved efficiency.  The median bank declined in efficiency 

over the period 2000 through 2005 except for 2003 to 200446.  The years 2001 to 2002 

show virtually all banks declining in productivity with only 48 banks managing increases 

in productivity, that is only 48 banks obtained Malmquist index scores of over 1.0, 46 

banks improved between 1.0 and 1.1, one bank improved between 1.1 and 1.2 and one 

bank improved over 1.447.   

                                                           
45 Siems and Barr (1998) noted a shift of banks with high DEA scores to earning more fee income than 
those banks with low DEA scores over the period studied of 1991 to 1997.  Additional findings of Siems 
and Barr include finding that banks with higher DEA scores are associated with smaller loan portfolios, 
higher capital positions and higher return on assets than banks with lower DEA scores. 
46 The years 2003 to 2004 was the only period that mean and median scores exceeded 1.0.  The mean score 
in 2000 to 2001 is quite high because a few banks had unusually high changes in efficiency; therefore the 
median is considered a more meaningful indicator of central tendency. 
47 A score of 1.0 indicates no change in efficiency, whereas a score of 1.4 indicates a 40% improvement. 
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Table 13 shows the association of Malmquist scores of banks in the top quintile 

of Malmquist scores to those in the bottom quintile of scores relative to percentage 

changes in the Yeh (1996) ratios.  The years 2000 to 2001 and 2004 to 2005 show a high 

association to Yeh’s finding and are the only pairs of years whose results indicate a high 

degree of statistical significance.  However, the other three pairs of years show a low 

tendency for association between Yeh (1996) ratios and Malmquist index scores, but 

these years also have a very low incidence of statistical significance. 

Table 14 provides an indication of the characteristics of banks associated with 

higher Malmquist index scores compared to those banks with lower Malmquist index 

scores.  For example, note that banks in the top quintile of banks showing the most 

increase (least decrease) in efficiency compared to banks in the lowest quintile of banks 

showing the most increase (least decrease) in efficiency48 are associated with higher 

proportions of their assets in cash, securities and loans and lower proportions of their 

assets in other assets.  Similarly, these same most improved banks show a higher 

proportion of their liabilities and equity in interest bearing debt and lower proportions in 

non-interest bearing debt and equity than less improved banks.  The most improved 

banks show a higher proportion of income from non-interest income than less improved 

banks whereas the DEA results were inconclusive.  The most improved banks have a 

higher proportion of their expenses as other expense and bad debt, these characteristics 

differ from the DEA associations found earlier that showed no strong association of bad 

debt to efficiency scores.  Finally, the most improved banks had higher income and full-

time equivalents than less improved banks, thus showing some possible effect associated 

                                                           
48The procedure is similar to the Siems and Barr (1998) technique of comparing DEA scores.  
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with bank size.  The size association is clearer with the DEA scores than with the 

Malmquist index scores.  The Malmquist index score association was lower for net 

income and FTEs for 2001-2002 and 2002-2003. 

Of particular interest are the banks composing the efficient frontier.  Table 14 

compares the Yeh (1996) ratio associations of frontier banks to non-frontier top quintile 

banks.  It is clear in Table 15 that the ratios continue to push their association in the 

direction proposed by Yeh.  Table 16 summarizes the characteristics of frontier banks 

(those that have Malmquist scores in excess of 1.4) as compared to non-frontier top 

quintile banks.  Frontier banks tend to have a lower percentage of their total assets in 

loans than non-frontier top quintile banks and higher percentages in cash, securities and 

other assets.  Additionally, these same banks have lower amounts of their financing 

obtained through interest bearing debt and higher percentages of non-interest bearing 

debt and equity.  These frontier banks have a higher percentage of their gross income 

earned from other (fee) income than non-frontier top quintile banks and statistical 

significance is high through all years examined.  Panel C shows that these frontier banks 

have lower interest expense and lower other expenses (evidence of cost control), yet 

higher percentage of expense from income tax and bad debt expense.  Finally net income 

and FTEs are higher showing some evidence of a size effect associated with frontier 

banks. 

Table 17 tries to capture the change in percentage of Yeh (1996) ratios compared 

to what has been proposed by Yeh for those banks whose Malmquist scores exceed 1.4.  

Evidence is statistically weak that frontier banks can push the ratios much further in the 

direction predicted by Yeh compared to non-frontier top quintile banks. 
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Table 18 shows how frontier banks (those whose Malmquist scores exceed 1.4) 

allocate their assets, liabilities and equity, income and expenses compared to non-frontier 

top quintile banks.  These banks tend to have higher cash and security and loan positions 

and a lower percentage of assets in other assets than non-frontier banks.  Additionally, 

these banks have higher percentages of liabilities and equity in non-interest bearing debt 

and equity and less in interest bearing debt.  The percentage of their expenses that are 

interest, tax and other is lower (evidence of cost control) though bad debt expense is 

higher than non-frontier top quintile banks.  A higher proportion of income is obtained 

from fees than interest income as is typical of frontier banks.  Finally, the difference in 

net income and FTEs tend to be higher suggesting that there is a possible size effect. 

Table 19 summarizes the mean efficiency scores by Federal Reserve region by 

year using this essay’s model.  Rank tests rejected equality of ranks for 2001 to 2002 and 

2003 to 2004.  Rank tests otherwise failed to reject equality of ranks for the years 2000 to 

2001, 2002 to 2003 and 2004 to 2005.  The Boston region had the lowest average DEA 

score for the years 2002 through 2005.  Only the Minneapolis region managed to have 

the highest average DEA scores for more than one year and only managed to do so for 

only two years.  Table 20 shows the distribution of frontier banks by Federal Reserve 

region.  The San Francisco region was most likely to have the greatest number of frontier 

banks in a year.  Table 21 summarizes the distribution of median Malmquist productivity 

index scores by Federal Reserve region.  Medians are used rather than means because of 

the presence of large Malmquist productivity index scores and are thus considered more 

representative.  Rank tests reject equality of ranks between pairs of years.  The New 

York region had the greatest decline in efficiency for the years 2001 to 2002, 2002 to 
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2003 and 2004 to 2005 and had the greatest increases in efficiency for the years 2000 to 

2001 and 2003 to 2004. 

Reviewing Table 21, the association of Malmquist index scores by region seems 

much weaker than the association of DEA scores by region.  No region consistently 

stayed above or below average for the full period.  However, there is a tendency for 

banks in regions 1 through 5 to have better Malmquist scores in 2000-2001 and 2003-

2004 than those in regions 6 through 12.  Banks in regions 6 through 12 tend to be 

associated with better Malmquist scores in years 2001-2002, 2002-2003 and 2004-2005.  

Table 22 shows the distribution of banks whose Malmquist productivity index scores 

increased by more than 1.4 by Federal Reserve region.  The years 2000 to 2001 and 2003 

to 2004 have the largest number of banks with productivity improvement of 1.4 or more.  

The years 2001 to 2002 and 2002 to 2003 had very few such banks. 

Finally, the attempt to find an interdependence effect between the asset side of 

the balanced sheet and the liabilities and equity side of the balance sheet failed.  As noted 

earlier a significant difference could imply an incorrect model or theory.  Significant 

differences were found both positive and negative.  An attempt was made with the entire 

data sample and a second attempt was made with a much smaller, more homogeneous 

sample with no difference in final results.  At this time, it is not known whether the 

problem is with the model or that the data is too noisy or the effect is too small to 

measure. 
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VI. Conclusions 

Three observations are in order.  First, some good banks tend to stay good banks 

for a while and bad banks tend to stay bad banks although bad banks are more likely to 

stay bad than good banks are likely to stay good.  Second, the associations put forth by 

Yeh (1996) tend to hold up well using the set of inputs and outputs in this essay, 

especially considering that the Yeh paper uses the intermediation approach.  Third, the 

efficiency of the average bank compared to the efficient frontier banks is much lower 

than the levels found in other research, even when compared to the previous findings of 

low average efficiency of U.S. banks.  The evidence presented indicates that the much 

higher overall efficiency of U.S. banks has been a function of certain known DEA 

phenomena such as small sample sizes, higher dimension models and higher 

homogeneity of samples49.  The intermediation model may be constructed such that it is 

biased toward finding higher overall efficiencies.  The evidence presented also seems to 

indicate that the low overall level of efficiency is a function of the performance of a few 

hundred banks that form the efficient (and near efficient) frontier that manage to 

maintain a higher order of efficiency than the typical bank, as indicated by Table 8.  This 

does not mean that the typical bank is unacceptably inefficient, but rather it appears that 

a relatively few banks are unusually efficient50.  Examination of various subsamples of 

banks indicate much higher levels of relative efficiency even when that subsample is 

composed of banks with low efficiencies when part of the total sample of banks51.  The 

model presented is capable of producing bank efficiencies that are consistent with the 

                                                           
49 The effect of homogeneity on the average efficiency score may be underestimated in the literature. 
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results found in the current literature and provides results that are consistent with other 

commonly used measures of banking performance.  When compared to other authors’ 

models by using a common set of bank ratios, the frontier banks selected by the proposed 

model frequently have better ratios than frontier banks selected by other authors’ models 

that are presented for comparative purposes.  The model has the further advantage of not 

requiring the substitution of balance sheet related accounting data for typically 

unavailable transactional accounting data.  The model uses readily available balance 

sheet and income statement data only and is readily transformed into the well-known 

return on assets equation.  Use of net income as an output provides a measure of the 

profitability of the business processes of the bank.  The model standardizes the inputs 

and outputs of the banking industry thus allowing direct comparisons of papers that may 

examine different periods and subsamples of banks.  More importantly, the model 

presented is readily usable (without adaptation) to any other industry rather than 

requiring a model to be constructed specifically for each industry and therefore not 

otherwise usable outside that industry, although as shown in this essay, the model may be 

readily optimized for any particular industry52. 

The true efficient frontier is unknowable.  Researchers are left with building 

models to measure with error some approximation of the efficient frontier.  This 

dissertation has used DEA rather than a stochastic technique because of the need for 

fewer assumptions.  In addition, the model chosen was chosen because it uses the total 

                                                                                                                                                                             
50 This is consistent with the notion of super-efficiency as espoused by Andersen and Petersen (1993) that 
considers the possibility of super-efficient or “outlier” banks.  These banks would be assigned DEA scores 
in excess of one. 
51 Results are not presented. 
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assets and income statement of a bank, not just part of the income statement and some of 

the assets and some of the liability and equity accounts of a bank.  The surprising result 

of this dissertation is the low overall efficiency of United States commercial banks 

compared to their average efficiency as found in previous studies.  Many of the tables 

explore possible explanations of why these average efficiencies are lower.  High average 

efficiency scores are not prima facie evidence of a good model.  The data set of this 

dissertation is a large data set and as such lower average efficiencies is expected.  

Evidence has been presented consistent with this phenomenon.  The Wheelock and 

Wilson, who also used a large data set also found relatively low average efficiencies.  

Mukherjee et al. utilized a small data set with a high dimension model and a relatively 

homogeneous sample and found relatively high efficiencies.  Evidence has also been 

presented consistent with the notion that small samples, homogeneous samples and high 

dimension models tend to produce high average efficiencies.  Though those two papers 

found higher average efficiencies than the models presented in this dissertation is not 

conclusive evidence that their models are closer to the true frontier.  Problems of omitted 

variables, economically unrelated variables and failure to include profitability measures 

in the intermediation model have been pointed out.  The two models proposed here 

required the fewest assumptions of any of the models presented.  These proposed models 

utilize a return on assets based model consistent with Modigliani and Miller (1958).  The 

models use readily available accounting data consistent with an industry that is primarily 

                                                                                                                                                                             
52 Optimization would be at the cost of comparability of studies.  Because of the importance of a bank’s 
loan portfolio, the model of this essay used gross loans rather than net loans and in one instance added back 
bad debt expense to net income to produce a variation of the 3 - input model. 
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privately held and therefore lacking market data.  Finally, the proposed models compare 

favorably with common industry based accounting ratios.
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Table 3.  Relationship between efficiency and sample size 
Data envelopment analysis efficiency scores were obtained using the 4-input model to test the relationship 
between sample size and average efficiency scores.  The column marked “Random1” uses a random sample 
of 2,000 banks where the descending rows are a random number of banks from the initial 2,000 banks.  The 
column marked “Random2” are independent random samples of banks.  The column marked “Top Banks” 
is a sample of banks that include the top 2,000 banks as ranked by average total assets.  Not all efficiency 
scores increase monotonically as the sample size decreases.  The columns “Random1” and “Top Banks” 
include smaller subsamples of the 2,000 banks chosen for the initial sample.  Efficiency scores increase 
monotonically as the sample size is reduced.  However, the column marked “Random2” has independently 
chosen random samples and the efficiency scores, though trending higher as the sample size decreases, 
does not do so monotonically.  These results suggest that the homogeneity of the sample may have a 
stronger effect on efficiency than the size effect of the sample.  The size effect is driven by the probability 
that as the sample size increases, the likelihood of an addition of frontier bank increases thus driving down 
mean efficiency scores as suggested by Caves and Barton (1990). 
 

n Average Efficiency Score 
 Random1 Random2 Top Banks

2,000 0.194 0.194 0.534
1,750 0.198 0.205 0.526
1,500 0.199 0.124 0.540
1,250 0.204 0.183 0.549
1,000 0.205 0.272 0.537

750 0.232 0.412 0.539
250 0.277 0.408 0.604
100 0.517 0.348 0.654
50 0.703 0.700 0.782

 
 
Table 4.  Comparison of efficiency to model dimensionality 
The Mukherjee, Ray and Miller (2001) 5 - input and 5 - output model was used to compute efficiency 
scores for the largest 2,000 United States Banks for the year 2000.  Similar outputs were combined to 
reduce the number of outputs until a single output remained.  Then similar inputs were combined until a 
single input remained.  The results indicate a monotonic decline in efficiency scores as the number of 
inputs and outputs are reduced. 
 
Dimensions 10 9 8 7 6 5 4 3 2 
Mean Score 0.745 0.728 0.697 0.591 0.571 0.551 0.538 0.311 0.241
Median Score 0.732 0.720 0.685 0.566 0.550 0.531 0.519 0.304 0.241
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Table 5.  Comparison of efficiency of the largest 500 and 200 United States banks 
In Panel A the amounts represent mean efficiency scores for the years 2000 through 2005 for five 
representative models.  Model 1 is Mukherjee, Ray and Miller (2001) whose model includes five inputs and 
five outputs.  Model 2 refers to Wheelock and Wilson (1999) whose model uses three inputs and five 
outputs.  The Model 3 is the four-input model and Model 4 is the three-input as described in this essay and 
differ only by the inclusion of FTEs in the 4  - input model.  Model 5 refers to Tripe (2004) whose model 
uses one output and two inputs.  This table examines the relationship between the number of inputs and 
outputs of a model and the resulting efficiency score.  There is a clear positive association between the 
number of inputs and outputs used in a model and the resulting DEA efficiency score.  The term 
“dimensions” refers to the total number of inputs and outputs used in the model.  For example, the MRM 
model uses five inputs and five outputs and thus has a dimension of ten.  The line “2000 MRM” uses data 
from the 2000 MRM model and reduces the dimensions by combining similar output and then similar 
inputs to reduce the dimensions to the dimensions of the other four models.  Note the similarity of 
efficiency scores attributable to the reduction of dimensions of the MRM model relative to the other 
models.  In Panel B data from 2000 and 2001 for the largest 200 U.S. banks was used to compute DEA 
efficiency scores from five different models.  Results are similar to those in Panel A in that there is a 
general positive association between the number of dimensions of a model and the resulting mean and 
median efficiency scores.  However, unlike Panel A the Tripe 3 dimension model results in higher 
efficiency scores than the 4-input and 3-input model.  These three models are similar, but the Tripe model 
lacks the inclusion of expenses that may explain the higher efficiencies.  The higher efficiency scores in 
Panel B may be attributable from a smaller sample size and/or greater homogeneity because the samples of 
both panels are from the largest U.S. banks.  
 
Panel A, n = 500 Model 

Year Model 1 Model 2 Model 3 Model 4 Model 5
2005 0.789 0.617 0.556 0.543 0.492
2004 0.731 0.597 0.545 0.533 0.385
2003 0.830 0.584 0.556 0.544 0.485
2002 0.796 0.667 0.549 0.538 0.152
2001 0.789 0.455 0.549 0.530 0.097
2000 0.798 0.590 0.538 0.517 0.528

2000 MRM 0.798 0.771 0.583 0.560 0.599
Dimensions 10 8 5 4 3
Panel B, n = 200      

Model Model 1 Model 2 Model 3 Model 4 Model 5
Year 2000 2000 2000 2000 2000
mean 0.867 0.801 0.537 0.518 0.607

median 0.917 0.797 0.494 0.474 0.595
stdev 0.144 0.175 0.307 0.295 0.186

  
Year 2001 2001 2001 2001 2001
mean 0.893 0.730 0.555 0.531 0.606

median 0.972 0.704 0.524 0.501 0.600
stdev 0.132 0.199 0.293 0.294 0.195
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Table 6.  Yearly quintile sample of banks 
A sample of 100 banks for Panel A and 200 banks for Panel B were chosen from each size quintile for the 
years 2000 through 2005.  Each Panel A (B) sample included a consecutive sequence of 100 (200) banks 
ranked by size.  Each sample of 100 (200) was chosen on an ad hoc basis.  The purpose of this table is to 
show that there is a positive association between sample homogeneity and resulting efficiency scores.  
Greater homogeneity is achieved by grouping the banks on the basis of average total assets.  The two 
panels also show the previously discussed negative association between the size of the sample and average 
efficiency score.  Full sample average efficiency scores for panel A ranged from 0.033 to 0.254 and from 
0.027 to 0.264 for panel B.  
 
 DEA Efficiency Score 
Panel A: n = 100 banks       
Year 2000 2001 2002 2003 2004 2005
Top size quintile 0.942 0.934 0.949 0.740 0.944 0.948
Second size quintile 0.824 0.936 0.941 0.748 0.772 0.942
Third size quintile 0.945 0.945 0.935 0.762 0.950 0.907
Fourth size quintile 0.928 0.942 0.857 0.730 0.952 0.944
Bottom size quintile 0.931 0.939 0.935 0.846 0.937 0.934
       
Panel B:  n = 200 banks       
Year 2000 2001 2002 2003 2004 2005
Top size quintile 0.714 0.888 0.904 0.732 0.885 0.910
Second size quintile 0.838 0.913 0.895 0.692 0.745 0.922
Third size quintile 0.842 0.922 0.932 0.745 0.940 0.902
Fourth size quintile 0.909 0.925 0.827 0.711 0.941 0.907
Bottom size quintile 0.899 0.904 0.900 0.668 0.907 0.866
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Table 7.  Distribution of DEA efficiency scores 
U.S. banks’ data envelopment analysis efficiency scores for the years 2000 through 2005 are grouped by 
deciles except for fully efficient banks that are separately grouped.  Contrary to previous studies, that 
found U.S. banks in general efficient given the highly competitive condition of the United States banking 
industry, Panel A indicates that the typical bank has a very low efficiency score relative to the few banks 
comprising the efficient frontier.  As a robustness check, Panel B uses the three input model to generate 
DEA scores and indicates a distribution similar to Panel A.  Panel C uses the three input model to generate 
DEA scores computed using net income with bad debt expense added back as the output.  The resulting 
scores are similar to those in Panel A and Panel B. 
 
Panel A: Years 
Data Set (4 inputs) 2000 2001 2002 2003 2004 2005
Dea Score = 1 48 36 48 34 44 44
0.9 ≤ DEA Score < 1.0 5 4 8 10 5 5
0.8 ≤ DEA Score < 0.9 9 4 5 7 12 15
0.7 ≤ DEA Score < 0.8 4 5 18 12 13 17
0.6 ≤ DEA Score < 0.7 9 14 21 22 20 21
0.5 ≤ DEA Score < 0.6 16 7 40 32 27 31
0.4 ≤ DEA Score < 0.5 19 22 59 52 56 84
0.3 ≤ DEA Score < 0.4 44 56 173 157 155 192
0.2 ≤ DEA Score < 0.3 92 157 695 634 422 544
0.1 ≤ DEA Score < 0.2 738 1310 3534 3283 1519 1815
0.0 ≤ DEA Score < 0.1 7477 6683 3586 3768 5542 4814
       
Mean 0.075 0.082 0.134 0.129 0.094 0.113
Median 0.056 0.064 0.107 0.104 0.06 0.077
Standard deviation 0.094 0.088 0.112 0.106 0.119 0.122
Total DMUs 8461 8298 8187 8011 7815 7582
       
Panel B:       
Data Set (3 inputs)       
Dea Score = 1 29 24 28 22 32 30
0.9 ≤ DEA Score < 1.0 3 1 5 8 5 6
0.8 ≤ DEA Score < 0.9 7 3 8 6 10 9
0.7 ≤ DEA Score < 0.8 2 2 14 7 13 17
0.6 ≤ DEA Score < 0.7 4 10 20 26 19 21
0.5 ≤ DEA Score < 0.6 7 8 33 19 22 24
0.4 ≤ DEA Score < 0.5 10 17 43 40 52 60
0.3 ≤ DEA Score < 0.4 12 44 108 100 124 158
0.2 ≤ DEA Score < 0.3 50 110 407 377 351 407
0.1 ≤ DEA Score < 0.2 305 680 2005 1925 1363 1646
0.0 ≤ DEA Score < 0.1 8032 7399 5516 5481 5824 5204
       
Mean 0.039 0.054 0.101 0.098 0.085 0.101
Median 0.024 0.034 0.074 0.073 0.053 0.069
Standard deviation 0.077 0.078 0.102 0.097 0.111 0.112
Total DMUs 8461 8298 8187 8011 7815 7582
       
Panel C (3 inputs) 
Mean:Net income +bad debt 0.041 0.056 0.107 0.103 0.085 0.102
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Table 8.  Classification of banks by number of years within a DEA score classification 
Shown is the number of years a bank is within the indicated DEA score decile or on the efficient frontier.  
Only two banks managed to stay on the efficient frontier all six years analyzed and 846 banks managed to 
never score in the bottom percentile of DEA scores.  The 491 observations of banks scoring in the top half 
of DEA scores are composed of only 134 banks. 
 
 Years within a DEA Classification 
DEA Classification/years 0 1 2 3 4 5 6
Dea Score = 1 8,904 73 21 11 11 10 2
0.9 ≤ DEA Score < 1.0 9,003 21 8 0 0 0 0
0.8 ≤ DEA Score < 0.9 8,985 42 5 0 0 0 0
0.7 ≤ DEA Score < 0.8 8,973 52 5 1 1 0 0
0.6 ≤ DEA Score < 0.7 8,938 81 13 0 0 0 0
0.5 ≤ DEA Score < 0.6 8,898 117 15 2 0 0 0
0.4 ≤ DEA Score < 0.5 8,796 191 36 7 2 0 0
0.3 ≤ DEA Score < 0.4 8,477 377 140 32 6 0 0
0.2 ≤ DEA Score < 0.3 7,561 754 431 218 66 2 0
0.1 ≤ DEA Score < 0.2 3,634 1,621 1,813 1,095 695 157 17
0.0 ≤ DEA Score < 0.1 846 993 1,280 1,082 1,395 1,125 2,311
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Table 11.  Characteristics of banks relative to DEA scores 
Panel A compares the difference between banks with the highest quintile of DEA scores compared to those 
with the lowest quintile of DEA scores using a procedure similar to that in Siems and Barr (1998).  Panel A 
denotes the proportion of bank assets invested in the given asset class and the proportion of liabilities and 
equity in the given liability or equity class.  Panel B denotes the proportion of total income from interest 
income or other income.  Panel C refers to the proportion of expense from the given expense account.  
Panel D denotes the difference in net income or full-time equivalent employees between those banks in the 
highest DEA score quintile and those banks in the lowest DEA score quintile.  For example, in the year 
2000, banks in the top quintile had lower proportions of their assets in cash and securities than banks in the 
lowest quintile and those same banks receive a higher proportion of their gross income from non-interest  
sources.   
 
Panel A Year 2000 Year 2001 Year 2002 Year 2003 Year 2004 Year 2005 
Cash, Securities 0.017 ** 0.024 ** -0.038 ** -0.047 ** -0.011  -0.042 ** 
Loans 0.004 ** -0.012 ** 0.047 ** 0.059 ** 0.017 ** 0.055 ** 
Other Assets -0.02 ** -0.012 ** -0.007 ** -0.013 ** -0.006 ** -0.013 ** 
Non-interest 
 Bearing Debt -0.019 ** 0.017 ** -0.004  0.007 * 0.004  0.012 ** 
Interest Bearing 
 Debt -0.012 ** -0.06 ** -0.023 ** -0.029 ** -0.023 ** -0.027 ** 
Equity 0.031 ** 0.043 ** 0.027 ** 0.022 ** 0.019 ** 0.015 ** 
             
Panel B             
Interest Income -0.008 ** -0.021 ** -0.002  0.014 ** 0.028 ** 0.014 ** 
Other Income 0.008 ** 0.021 ** 0.002  -0.014 ** -0.028 ** -0.014 ** 
             
Panel C             
Interest Expense 0.028 ** -0.033 ** 0.007  -0.018 ** -0.028 ** -0.032 ** 
Other Expense -0.013 ** -0.014  0  0.024 ** 0.081 ** 0.043 ** 
Tax -0.016 ** 0.02 ** 0.013 ** -0.003  -0.046 ** -0.015 ** 
Bad Debt 0.001  0.027  -0.02 ** -0.003  -0.006 ** 0.004 ** 
             
Panel D             
Net Income $30,118  $35,455  $34,609  $43,934  $33,928  $48,742  
FTEs 443 ** 511 ** 389 ** 529 ** 403 * 537 ** 
 
* denotes significance at the 5% level and ** denotes significance at the 1% level. 
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Table 12.  Distribution of the Malmquist productivity index scores 
The distribution of U.S. banks’ Malmquist productivity index scores for the years 2000 through 2005 are 
shown.  Breakpoints are consistent with Mukherjee, Ray and Miller (2001).  The efficiency change in 
banks in the years 2000-2001 and 2004-2005 show a wide dispersion of change.  The years 2001 to 2002 
and 2002 to 2003 show a distinct downward shift in efficiency whereas the years 2003 to 2004 indicates a 
distinct upward shift in efficiency for U.S. banks.  The years 2003 to 2004 are the only years in which the 
average U.S. bank managed to increase in efficiency, that is, to obtain a Malmquist productivity index 
score in excess of one. 
 
 Years 
Scores 2000-2001 2001-2002 2002-2003 2003-2004 2004-2005
1.4 ≤ M 550 1 6 1112 66
1.3 ≤ M < 1.4 193 0 2 327 21
1.2 ≤ M < 1.3 229 0 1 597 31
1.1 ≤ M < 1.2 295 1 7 1347 117
1.0 ≤ M < 1.1 460 46 126 3784 461
0.9 ≤ M < 1.0 877 4950 1768 158 1846
0.8 ≤ M < 0.9 1880 1470 1905 16 2035
0.7 ≤ M < 0.8 1980 540 1288 2 1293
0.6 ≤ M < 0.7 982 179 872 1 659
0.5 ≤ M < 0.6 242 107 618 0 322
M < 0.5 137 261 962 1 264
Mean 2.617 0.885 0.752 1.293 0.84
Median 0.826 0.934 0.804 1.088 0.856
N 7,825 7,555 7,640 7,345 7,115
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Table 14.  Characteristics of banks relative to Malmquist productivity index scores 
This table compares the differences in certain characteristics between banks in the highest quintile of 
Malmquist productivity index scores compared to those with the lowest quintile of Malmquist productivity 
index scores.  Panel A denotes the proportion of assets in the given asset class and the proportion of 
liabilities and equity in the given liability or equity class.  Panel B denotes the proportion of total income 
from interest income or other income.  Panel C shows the proportion of expense from the given expense 
account.  Panel D denotes whether net income or full-time equivalent employees is higher or lower 
between banks in the top quintile and bottom quintile of Malmquist productivity index scores.  For 
example, between 2000 and 2001, banks in the top quintile had higher proportions of their assets in cash 
and securities than banks in the lowest quintile.  Additionally, banks in the highest quintile have a smaller 
proportion of their assets invested in other assets than those banks in the lowest quintile.    
 
Panel A 2000-2001 2001-2002 2002-2003 2003-2004  2004-2005  
Cash and Securities 0.033 ** 0.071 ** -0.039 ** -0.101 ** 0.040 ** 
Loans 0.003 ** -0.039 ** 0.011  0.071 ** -0.032 ** 
Other Assets -0.035 ** -0.032 ** 0.027 ** 0.030 ** -0.007 ** 
Non-interest Bearing 
Debt  -0.021 ** -0.010 ** 0.003  -0.005  0.017 ** 
Interest Bearing Debt 0.010 * 0.032 ** -0.005  0.010 ** -0.016 ** 
Equity 0.011 ** -0.022 ** 0.002  -0.006 * -0.001  
           
Panel B           
Interest Income -0.005  0.076 ** 0.020 ** -0.080 ** 0.015 ** 
Other Income 0.005  -0.076 ** -0.020 ** 0.080 ** -0.015 ** 
           
Panel C           
Interest Expense 0.023 ** 0.038 ** -0.014 ** -0.019 ** -0.043 ** 
Other Expense -0.117 ** 0.011 ** 0.058 ** -0.028 ** 0.068 ** 
Tax 0.025 ** -0.038 ** -0.044 ** 0.039 ** -0.040  
Bad Debt 0.069 ** -0.011 ** -0.001  0.008 ** 0.015 ** 
           
Panel D           
Net Income $1,016 ** -$43,886  -$39,618 ** $50,442 ** $30,623 ** 
FTEs 225 ** -914 ** -805 ** 909 ** 433 ** 

 
 * denotes statistical significance at the 5% level and ** if significance is at the 1% level. 
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Table 16.  Comparison of characteristics of frontier banks to non-frontier top quintile banks 
Frontier banks are compared to non-frontier top quintile banks by DEA scores.  Panel A denotes the 
percentage of assets in each asset category compared to non-frontier banks.  Similarly, the percentage of 
liabilities and equity in each liability and equity category are also shown.  Panel B shows the percentage of 
gross income earned from interest income or other (fee) income by frontier banks compared to non-frontier 
top quintile banks.  Panel C shows the allocation of expenses of frontier banks compared to non-frontier 
top quintile banks.  Panel D compares net income and full-time equivalent employees and is not in 
percentage terms.  Banks on the efficient frontier are associated with higher percentage of total assets in 
cash and securities, other assets and a smaller percentage in loans than non-frontier banks in the top 
quintile as well as higher equity positions and a smaller percentage of interest bearing debt.  The same 
banks receive a higher percentage of income from non-interest sources.  Other expenses tend to be a 
smaller proportion of total expenses indicating greater cost control.  Frontier banks have higher net income 
and more employees that may be indicative of a possible size effect. 
 
 
Panel A Year 2000 Year 2001 Year 2002 Year 2003 Year 2004 Year 2005 
Cash, Securities 0.016 -0.023 0.100* 0.087 0.116* 0.151* 
Loans 0.012 -0.134** -0.196** -0.128** -0.180** -0.187** 
Other Assets -0.029 0.157** 0.095** 0.042* 0.064* 0.036 
Non-interest 
 Bearing Debt 0.045 0.036 0.002 -0.003 0.017 0.019 
Interest Bearing 
 Debt -0.264** -0.333** -0.223** -0.225** -0.269** -0.261** 
Equity 0.219** 0.297** 0.221** 0.228** 0.253** 0.241** 
             
Panel B             
Interest Income -0.327** -0.402** -0.348** -0.262** -0.206** -0.288** 
Other Income 0.327** 0.402** 0.348** 0.262** 0.206** 0.288** 
             
Panel C             
Interest Expense -0.173** -0.251** -0.180** -0.152** -0.075** -0.104** 
Other Expense -0.007 0.071 -0.005 -0.143** -0.028 -0.126** 
Tax 0.158** 0.211** 0.166** 0.257** 0.084** 0.213** 
Bad Debt 0.023 -0.030 0.020 0.038 0.019 0.017 
             
Panel D             
Net Income $591,833** $813,992** $526,055** $832,294* $787,352* $736,122 
FTEs 8,782** 8,918** 6,249* 9,952 9,704 7,338** 
 
*denotes statistical significance at the 5% level and ** denotes statistical significance at the 1% level. 
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Table 18.  Characteristics of most improved banks to top quintile most improved banks 
Panel A denotes the percentage of assets in each asset category of most improved (frontier) banks as 
measured by their Malmquist productivity scores compared to top quintile non-frontier banks.  Similarly, 
the percentage of liabilities and equity in each liability and equity category are also shown.  Panel B shows 
the percentage of gross income earned from interest income or other (fee) income compared to non-frontier 
top quintile banks.  Panel C shows the allocation of expenses of frontier banks compared to non-frontier 
top quintile banks.  Panel D compares net income and full-time equivalent employees and is not in 
percentage terms.  For example, the most improved banks are associated with a higher proportion of their 
gross income in the form of non-interest income than the top quintile of improved banks as measured by 
their Malmquist productivity index scores.   
 
Panel A 2000-2001  2001-2002  2002-2003  2003-2004  2004-2005  
Cash, securities 0.001 ** 0.014 ** -0.063  -0.001 ** -0.022 **
Loans 0.004 ** -0.155 ** -0.160 * -0.001 ** 0.000 **
Other Assets -0.005 ** 0.142  0.222 ** 0.002  0.021  
Non-interest Bearing 
 Debt 0.004 ** 0.066  0.079  -0.003  0.027  
Interest Bearing Debt -0.024 ** -0.474 ** -0.366 ** 0.038 ** -0.084 **
Equity 0.020 ** 0.408 ** 0.287 ** 0.004 ** 0.058 **
           
Panel B           
Interest Income -0.027 ** -0.403 * -0.658 ** -0.006  -0.200 **
Other Income 0.026 ** 0.403 * 0.658 ** 0.006  0.200 **
           
Panel C           
Interest Expense -0.045  -0.115 ** -0.276 ** -0.001  -0.046 **
Other Expense -0.017 ** 0.059 * 0.110 * -0.002  0.009 **
Tax -0.007 ** 0.000  0.052 ** 0.002  0.036 **
Bad Debt 0.069 ** 0.056  0.115  0.000  0.000 **
           
Panel D           
Net Income $11,455  $255,329  $230,340  $16,142  $233,314 **
FTEs 486 ** 4,606  3,796 ** 265 ** 4,733 **
 
* denotes statistical significance at the 5% level and ** denotes statistical significance at the 1% level. 
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Table 19.  Mean DEA efficiency scores by Federal Reserve region 
Mean efficiency scores, obtained using the 4-input model of this essay, are shown by Federal Reserve 
region for each year examined for comparative purposes.  Rank tests reject equality of ranks for 2001 to 
2002 and 2003 to 2004.  Rank tests otherwise failed to reject equality of ranks for 2000 to 2001, 2002 to 
2003 and 2004 to 2005.  The Boston region was one of the poorest performing region for the years 2002 
through 2005.   
 

Region name 
Region 

number/Year 2000 2001 2002 2003 2004 2005
Boston 1 0.068 0.068 0.088 0.081 0.030 0.039
New York 2 0.100 0.083 0.102 0.107 0.035 0.041
Philadelphia 3 0.082 0.085 0.127 0.108 0.031 0.045
Cleveland 4 0.087 0.086 0.135 0.124 0.054 0.069
Richmond 5 0.061 0.062 0.108 0.100 0.041 0.056
Atlanta 6 0.065 0.069 0.113 0.110 0.049 0.067
Chicago 7 0.073 0.076 0.132 0.127 0.062 0.082
St. Louis 8 0.065 0.068 0.116 0.112 0.062 0.072
Minneapolis 9 0.081 0.097 0.165 0.160 0.093 0.124
Kansas City 10 0.086 0.099 0.171 0.160 0.092 0.106
Dallas 11 0.067 0.076 0.120 0.113 0.073 0.077
San Francisco 12 0.086 0.105 0.162 0.161 0.041 0.071
 
 
Table 20.  Number of banks with a DEA score of one by Federal Reserve region 
Shown is the distribution of frontier banks by Federal Reserve region for the years examined.  Scores were 
obtained using the 4-input model of this essay.  The San Francisco region was most likely to have the 
greatest number of frontier banks in a year. 
 

Region name 

Region 
number/
Year 2000 2001 2002 2003 2004 2005

Boston 1 6 1 1 0 2 0
New York 2 6 2 1 3 2 3
Philadelphia 3 4 2 3 2 4 5
Cleveland 4 4 5 5 3 2 4
Richmond 5 1 1 2 1 2 2
Atlanta 6 4 2 4 3 4 2
Chicago 7 4 1 4 2 4 5
St. Louis 8 1 2 1 0 0 0
Minneapolis 9 6 1 5 2 6 4
Kansas City 10 5 3 6 3 9 6
Dallas 11 1 0 1 1 2 1
San Francisco 12 6 4 15 14 7 12
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Table 21.  Median Malmquist productivity index scores by Federal Reserve region 
The table summarizes the distribution of median Malmquist productivity index scores by Federal Reserve 
region.  Scores were obtained using the 4-input model of this essay.  Medians are used rather than means 
because of the presence of large Malmquist productivity index scores and are thus considered more 
representative.  Rank tests rejected equality of ranks between pairs of years.  The New York region had the 
smallest decline in efficiency for the years 2001 to 2002 and had the greatest increase in efficiency for the 
years 2003 to 2004. 
 

Region name 

Region 
number/ 

Year 2000-2001 2001-2002 2002-2003 2003-2004 2004-2005
Boston 1 0.929 0.902 0.692 1.162 0.765
New York 2 0.956 0.832 0.543 1.304 0.746
Philadelphia 3 0.901 0.861 0.598 1.254 0.753
Cleveland 4 0.835 0.925 0.749 1.111 0.866
Richmond 5 0.851 0.892 0.724 1.151 0.833
Atlanta 6 0.831 0.918 0.778 1.110 0.828
Chicago 7 0.830 0.938 0.803 1.084 0.860
St. Louis 8 0.816 0.939 0.800 1.094 0.862
Minneapolis 9 0.806 0.955 0.878 1.048 0.887
Kansas City 10 0.801 0.955 0.871 1.052 0.890
Dallas 11 0.813 0.940 0.825 1.077 0.867
San Francisco 12 0.863 0.870 0.734 1.116 0.789
 
 
Table 22.  Number of banks whose Malmquist index exceeds 1.4 by Federal Reserve 
region. 
Banks whose Malmquist index score exceed 1.4 are shown by Federal Reserve region for the consecutive 
pairs of year 2000 through 2005.  Malmquist scores were obtained using the 4-input model of this essay. 
 

Region name 

Region 
number/

Year 2000-2001 2001-2002 2002-2003 2003-2004 2004-2005
Boston 1 35  1 89 4
New York 2 60 1  100 7
Philadelphia 3 34  1 78 3
Cleveland 4 33  1 59 5
Richmond 5 42   77 4
Atlanta 6 51  1 114 6
Chicago 7 92   179 13
St. Louis 8 34   89 3
Minneapolis 9 21  1 40 0
Kansas City 10 41   85 7
Dallas 11 36   78 4
San Francisco 12 71   1 124 10
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Table 23.  Bank Data from 2006 Associated with Figure 3 
This table uses a bank’s net income as a single output.  The single input is a bank’s average total assets.  
The 3 and 4 input models use a bank’s average total assets as inputs decomposed into three components 
(cash and securities, loans and all other assets).  A two dimensional graph is used because of the difficulty 
of visually representing a multidimensional model.  A multiple input/output model would present 
efficiency as comparative distances from the surface of a plane in a 3 dimensional model to a hyperplane 
for higher dimension models.  The basic idea of comparative distance measures still holds.  This is a very 
small and homogeneous data sample and therefore is expected to provide high average efficiencies. 
 

Bank Name 
Output 

-Net Income 
Input 

-Total Assets 
DEA 

Efficiency Score 
SUMMIT CMNTY BK 210 89418 0.810
MARKESAN ST BK 1109 74450 0.998
FIRST CMRL BK NA 681 77598 0.939
SECURITY BK 926 77565 0.949
HOME EXCH BK 757 75301 0.970
WESTERN CMNTY BK 1077 84782 0.874
COMMUNITY GUARANTY SVG BK 501 77661 0.932
STATE NB&TC 1097 74185 1.000
COMMUNITY SPIRIT BK 537 78924 0.918
FARMERS ST BK 555 72418 1.000
MOUNTAIN WEST BK NA 587 85035 0.853
MID AMERICA BK 1084 91434 0.811
BANK OF CUSHING & TC 1339 76231 0.997
HORIZON BK 1893 80200 1.000
TEXAS ST BK 1021 77716 0.951
FIRST NB OF NORWAY 926 76263 0.965
CITIZENS CMNTY BK 779 76848 0.952
AMERICAN NB 389 77258 0.937
BANK OF SOUTHERN CT 324 80409 0.901
NEW RICHMOND NB 681 73759 0.987
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Table 24.  Bank data for development of inputs and outputs 
The amounts represent condensed balance sheet and income statement data used to develop the logic 
behind the choice of the inputs and the outputs chosen in this essay as well as the concept of operational 
efficiency.  The three banks have the same liabilities and equity, but have made different choices as to the 
mix of assets.  The consequences of those choices are recorded in the income statement accounts.  
Accordingly, bank 1 is the most efficient bank of the three as it has produced the highest amount of net 
income from its mix of assets.  Assumptions include a riskfree rate of 2%, return on securities of 5%, 
return on loans of 10%, deposit rate of 4% interest rate on long-term debt of 6%, and an income tax rate of 
40%. 
 
Balance Sheet Bank 1 Bank 2 Bank 3 
 Debit Credit Debit Credit Debit Credit 
Cash $    700  $ 1,350  $ 2,700  
Securities 14,650  14,325  13,650  
Loans receivable 14,650  14,325  13,650  
Deposits  7,000  7,000  7,000 
Notes payable  20,000  20,000  20,000 
Common stock  3,000  3,000  3,000 
 $30,000 $30,000 $30,000 $30,000 $30,000 $30,000 
Income Statement       
Interest income  2,198  2,149  2,048 
Interest expense 1,480  1,480  1,480  
operating expenses 100  100  100  
Income taxes 247  228  187  
 1,827 2,198 1,808 2,149 1,767 2,048 
Net income $    371  $   341  $  281  
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Table 25.  Bank data for the development of financing efficiency 
Amounts represent condensed balance sheet and income statement data used to develop the logic behind 
the choices of the inputs and the outputs chosen in this essay as well as the concept of financing efficiency.  
The three banks have made the same choice as to the mix of assets, but they have made different choices as 
to the mix of liabilities and equity.  The income statement records the consequences of those choices.  In 
this case, bank C is the most efficient bank by having produced the most income given the choice of its 
financing mix.  The following assumptions have been made: a risk-free rate paid on cash of 2%, return on 
securities of 5%, return on loans of 10%, rate paid on deposits of 3.5%, rate paid on notes payable of 6%, 
and an income tax rate of 40%. 
 
 
  Bank A Bank B Bank C 
Balance Sheet Debit Credit Debit Credit Debit Credit
Cash $10,000   $10,000   $10,000   
Securities 10,000   10,000   10,000   
Loans receivable 10,000   10,000   10,000   
Property and equipment 5,000   5,000   5,000   
Deposits   9,000   15,000   30,000 
Notes payable   21,000   15,000   0 
Common stock   5,000   5,000   5,000 
              
  $35,000 $35,000 $35,000 $35,000 $35,000 $35,000 
Income Statement             
Interest income   $1,700   $ 1,700   $ 1,700 
Operating expense 100   100   100   
Tax 640   640   640   
After tax operating 
income 960   960   960   
              
Interest expense 1,575   1,425   1,050   
Tax   630   570   420 
After tax cost of financing 945   855   630   
              
Net income $     15   $   105   $   330   
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Figure 1.  Graphical representation of super-efficiency.   
One of the main results of this essay indicates that the typical U.S. bank is quite inefficient and bunch 
around the curve marked CD.  However, only a few banks form the efficient frontier represented by the 
curve AB.  Consider the possibility that the true efficient frontier is the curve CD.  In that case, the typical 
bank would be quite competitive but, for whatever reason, a few banks manage to achieve some level of 
super-efficiency that is difficult to maintain as indicated in Table 23. 
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Figure 2.  Graphical representation of the efficient frontier 
The figure is a graphical comparison of the Charnes, Cooper and Rhodes (1978) constant returns to scale 
efficient frontier to the Banker, Charnes and Cooper (1984) variables returns to scale efficient frontier. 
The figure is adapted from Figure 4.3 Cooper, Seiford and Tone (2006) 
Input orientation: 
BCC-efficiency of DMUD is PR/PD. 
CCR-efficiency of DMUD is PQ/PD. 
 
Output orientation. 
BCC-efficiency of DMUD is ST/DT. 
CCR-efficiency of DMUD is UT/DT. 
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Figure 3.  Graphical Representation of the Efficient Frontier 
See Table 23 for the associated data.  A sample of twenty banks was chosen from 2005.  The X –axis 
represents average total assets for each bank and the Y-axis represents the net income for each bank.  The 
following banks are efficient, having a DEA score of 1, Farmers State Bank, State NB & TC and Horizon 
Bank.  The following two banks are used to show how a DEA score for a bank is computed in the one 

Horizon

State NB&TC  

Security Bank 
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input, one output case:  The Bank of Southern CT and Security Bank.  The variable returns to scale input 
oriented technique is used.  The Bank of Southern CT’s input is compared to the efficient frontier, 
represented by the line drawn from the X-axis to Farmers State Bank.  The Bank of Southern CT's 
efficiency is computed by comparing the distance from the Y-axis to the line drawn from the X-axis to 
Farmers State Bank (72418) to the distance from the Y-axis to the Bank of Southern CT (80409) or 
72,418/80,409=0.901.  The second case shows how to compute an efficiency score when the efficient 
frontier to compare to is formed by two banks rather than a single bank.  First the equation of the line 
going through the points represented by Farmers State Bank and State NB & TC is found.  This line is 
y=0.306735-21,658.  Second, the intersection of the line y=0.306735 and y=926 needs to be found.  Y=926 
represents the output of Security Bank, that is, holding Security Bank’s output constant, what is the 
associated input located on the efficient frontier?  That point is (73627,926).  The amount 77,565 
represents the amount of input Security Bank should be using to produce its output of 926.  Security Banks 
efficiency is the ratio of the distance from the Y-axis to the point (73627,926) to the distance from the Y-
axis to the point (77565,926), which is 73627/77565=0.949. 
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Figure 4.  Representation of the CCR, BCC and FDH techniques.  
The Charnes, Cooper and Rhodes (1978) constant returns to scale, Banker, Charnes and Cooper (1984) 
variables returns to scale and free disposal hull versions of DEA are represented.  Of note is that average 
efficiency increases if efficiency is computed using BCC instead of CCR and increases if efficiency is 
computed using FDH rather than BCC because the efficient frontier closes in on the decision making units 
(DMUs) which in essay one are banks.   
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Appendix A 
 

A Review of the Theory and Measurement of Efficiency 
 
 

Historically, the measurement of productive efficiency in banking has followed 

one of two approaches.  The production approach of Benston (1965) states that labor and 

capital (in the form of direct and indirect costs) are used as inputs to produce as outputs a 

given number of deposit accounts or loans receivable.  Benston states that his study was 

limited to operating costs, specifically the costs of processing deposits, loans and 

securities and the incurrence of overhead costs.  This production view is extended by 

Benston and Smith (1975) who see banks as producers of specialized financial products 

which are then sold for a price sufficient to cover direct and opportunity costs.  In their 

view, the pricing of a financial product consists of the riskless rate, a risk premium, and 

compensation for the costs of production.  The authors reiterate the idea that production 

of financial products requires the use of labor and capital.  This approach seems to 

concentrate on cost minimization as a goal, consistent with the regulatory environment 

and derives from the classical theory of production. 

Sealey and Lindley consider deposits as an input rather than an output, which the 

authors regarded as an important theoretical innovation.  Hughes, Mester and Moon 

(2001) conduct an empirical test of deposits and determine that the influence of deposits 

on costs is theoretically consistent with that of an input.  Sealey and Lindley further 

conclude that earning assets are the only logical definition of an output for rational and 

profit maximizing banks.  This view poses two classification problems.  If earning assets 

are outputs then the earnings from these earning assets must be classified as either an 
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input or an output.  Second, if earning assets are outputs, then non-earning assets must be 

included and classified in the estimation process someway53.  The intermediation 

approach assumes that banks are in the business of taking in deposits (inputs) that are 

then turned into securities, loans receivable or some other earning asset (outputs).  

Although the origination of a loan receivable appears to be the production of an output, it 

is not.  Consider a de novo bank.  This bank raises capital in the form of equity (common 

stock and preferred stock) and liabilities (deposits, loans payable and notes payable).  

The cash raised (an input) is converted into other inputs by purchasing property and 

equipment and hiring employees (the conversion of one input, cash, into another input, 

labor).  Assume that the bank has an opportunity to originate a loan receivable.  The 

inputs, property and equipment and cash, are converted into other inputs, labor (an 

expended asset) and then into a loan receivable.  The loan receivable is repaid as 

principal, the conversion of one input (the loan) into another input (cash) and an output, 

interest income.  The output is then used to compensate the factors of production and 

sources of financing.  Labor is paid wages and benefits; providers of capital are paid for 

occupancy costs provided; office supplies, telephone and other operating expenses; 

depositors are paid in the form of interest and services; debt holders are paid interest; and 

any residual is paid to shareholders in the form of dividends or reinvested in the firm.  

The repaid principal and the reinvested income are then used as inputs for the next 

production cycle.54  The user-cost approach of Hancock (1991) states that the 

classification of which monetary goods are inputs and which are outputs is determined 

                                                           
53 Two sources of inefficiency may occur here.  One source is the underutilization of earning assets.  The 
second is the over-investment in non-earning assets. 
54 This should be a reflection of consistency condition (4) of Bauer, et al., (1998). 
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by whether its returns exceeds its opportunity cost of funds if an asset or if the financial 

cost of a liability is less than its opportunity cost.  Monetary goods not meeting these 

criteria would then be classified as inputs.  However, this theory produces the result of 

the classification of demand deposits as an output and time deposits as an input.  

Grigorian and Manole (2002) interpret Hancock’s rule as one subject to large 

measurement error and sensitive to changes in data over time.  The clear trend, especially 

in recent years, seems to be the intermediation approach (Akhavein, Swamy, Taubman 

and Singamsetti, 1997; Berger and Mester, 1999; Wheelock and Wilson, 1999; 

Mukherjee, Ray and Miller, 2001; Casu, Girardone and Molyneux, 2004; and Hauner, 

2005)55. 

According to Pyle (1971), the decisions required to assemble and manage the 

asset side of the balance sheet of a bank are not independent of the decisions required to 

assemble and manage the liability and equity side of a bank’s balance sheet.  According 

to Myers (1977), theory should state how much debt should be issued to maximize firm 

value and the amount of debt should depend on the type of assets financed.  Firms with 

more assets-in-place have the ability to handle more debt than firms endowed with 

mostly growth opportunities.  Capital-intense firms and those with high operating 

leverage and greater profitability will use more debt than the converse.  Myer’s assertion 

is that the asset side of the balance sheet is not fully independent of the liability and 

equity side of the balance sheet.  This lack of independence suggests that financing 

inefficiency is not independent of operational inefficiency. 

                                                           
55 An occasional author may use the production approach and some authors have used both the production 
approach and the intermediation approach (Paradi, Aggarwall and Schaffnit, 2002; Jemrić and Vujčić, 
2002). 
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A third view is that of a bank as a portfolio, which evolved from Coase’s (1937) 

view of the firm as a nexus of contracts.  Fama (1980) also views a bank as a portfolio.  

This has particular appeal in the case of banks, as opposed to traditional manufacturing 

firms, wherein most of the assets and liabilities are, in fact, contracts.  The left hand side 

of a bank’s balance sheet can be seen as a portfolio of various financial assets with some 

small allocation to physical property, plant and equipment and the right hand side can be 

seen as a portfolio of short positions.  Benston and Smith (1975) reject the passive56 

portfolio view of banks, opting instead for the view that banks are producers of financial 

commodities at a price that covers the costs of production with a focus on the reduction 

of transaction costs.  The price of a financial commodity is described as composed of a 

pure riskless rate plus a risk premium plus compensation for producer costs.  The process 

described by Sealey and Lindley (1977) is an intermediation process that transforms the 

funds of savers into loans to borrowers.  Baltensperger (1980) reopens the line of 

reasoning that banks may be thought of as portfolios because banks must expend real 

resources to produce and maintain financial transactions57, commodities and contracts.  

Attempts to separate these two views of banks, that as a portfolio and that as a producer, 

are inappropriate, especially given the resource intensiveness of banking.  In practice, the 

portfolio theory and the production theory are dominated by the intermediation theory in 

the study of bank efficiency. 

The portfolio-based model presented here also provides room to include the 

production and intermediation processes of the other two competing models.  The 

                                                           
56 The portfolio view does not preclude the view that a bank is an actively managed portfolio. 
57 The information production function and (delegated) monitoring functions of a bank are reflected in net 
income as costs of doing business.  
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production view says that labor and capital (K) are used to produce cash flows.  The 

portfolio model uses labor 58 and capital59 (K) to produce revenues60.  The intermediation 

view says that deposits and other sources of capital (C) are used to produce earning 

assets.  The portfolio model uses sources of financing to purchase earning assets or 

convert nonearning assets61 to earning assets to produce revenues.  Therefore, the 

production and intermediation view of bank productivity are subsets of the total 

productivity efficiency process of banks as reflected in the portfolio model. 

 

                                                           
58 Labor is presented in the portfolio model as a reduction of output in the form of expense and expenses 
are used up or expended assets. 
59 Capital in this case is the total asset base of the firm. 
60 Revenues are in the form of interest and fee income. 
61 The conversion process is done by expending cash on labor and other operating expenses and by 
converting property and equipment through depreciation in the production of loans. 
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Appendix B 
 

A Review of the Various Techniques 
Implemented to Measure Efficiency 

 
 
A. Basic Theoretical Development of Efficiency Measurement 
 

Productivity is measured as a ratio of outputs to inputs.  Efficiency can then be 

measured as a ratio between observed output and maximum potential output given a 

firm’s inputs or as a ratio between minimum potential input and observed input given the 

observed firm’s outputs.  Decomposition of the efficiency ratio provides sources of 

inefficiency.  Technical efficiency, the focus of this essay, is one component of 

efficiency.  A second component is allocative efficiency, the ability of a bank to choose 

the proper mix of inputs and/or outputs62.  The third common component is scale 

efficiency or the ability of a bank to operate at an optimal size.  Though the thrust of this 

essay is data envelopment analysis and a redefinition of inputs and outputs, a discussion 

of efficiency is necessary.  The most common types of efficiency models are cost 

efficiency, standard profit efficiency and the alternative profit efficiency models, 

examination of which will provide a useful background in explaining why this essay’s 

model is designed as it is. 

Bank efficiency studies frequently assume cost minimization as a goal of the 

firm.  There are historical reasons for this.  Regulation Q limited the amount of interest 

banks could pay on savings and time deposit accounts as well as deposit-like accounts, 

until the advent of NOW accounts in 1981 and MMDAs in 1983 and other innovations of 

                                                           
62 English, Grosskopf, Hays and Yaisawarng (1993) examined output allocative efficiency of banks.  
Hauner (2005) examined allocative efficiency from the perspective of inputs.  Berger, Hancock and 
Humphrey (1993) examined simultaneously input efficiency and output efficiency. 
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the early 1980s.  Usury laws limited the amount of interest banks could charge customers 

on loans.  Because of these restrictions on revenue, banks had a limited number of 

competitive strategies available.  One strategy was to rely on relationships with 

customers63.  In the context of productive efficiency, usury laws limited the maximum 

interest earned and Regulation Q limited the maximum interest paid.  Net interest margin 

(a component of a bank’s output) then becomes a function of a bank’s asset allocation 

decisions and its funding allocation decisions.  Productive efficiency thus becomes a 

function of the bank’s ability to control mostly its non-interest expenses (a second 

component of the bank’s net output).  Cost minimization was effectively the same as 

profit maximization, since primarily operating costs rather than net interest margins were 

under the bank’s control. 

Cost minimization models are similar to the following model from Berger and 

Mester (1997): C=C(w, y, z, v, uc, εc) where w is a vector of variable input prices, y is a 

vector of variable output quantities, z is vector of quantities of fixed netputs, netputs 

being fixed inputs or outputs, and v is a set of environmental variables (such as whether 

the bank operates in a unit banking state).  The variable uc represents the efficiency factor 

that would raise costs and therefore push a bank from the efficient frontier.  The error 

term, εc, incorporates luck, measurement error and other random errors.  Recall that the 

real cost function is not known, so efficiency is measured relative to this empirically 

derived cost function, thus providing a measure of relative efficiency, not absolute 

efficiency.  Cost minimization makes the assumption that firms will attempt to minimize 

                                                           
63 One of the relationship banking theories proposed is by Petersen and Rajan (1994) who suggest 
relationship lending has a greater effect on loan size than price; Berger and Udell (1995) perceive 
relationship lending as affecting asymmetric information between borrower and lender evidenced by lower 
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costs by taking any input prices, output quantities and environmental conditions as given 

(Berger and Mester, 1999).  Use of the cost function would require defining variable 

netput prices.  As usual, assumptions are required and each set of researchers has its own 

set of requirements and definitions of prices.  Vennet (2002) uses a cost function and 

defines the input price for the cost of labor as salaries and other personnel expenses 

divided by total assets; the output price for physical capital is defined as depreciation 

plus occupancy expenses divided by net fixed assets; and the input price for deposits is 

calculated as interest expense divided by interest-bearing liabilities.  Kaparakis, Miller 

and Noula (1994) use a different set of prices for their cost function.  The average price 

of deposits is computed as the average interest cost per dollar of interest bearing 

deposits, but certificates of deposits exceeding $100,000 are excluded64.  The average 

price of funds is the average interest per dollar of the sum of certificates of deposit 

exceeding $100,000 plus federal funds purchased plus demand notes plus other borrowed 

money.  The average price of labor is defined as the average annual wage per employee.  

Finally, the average price of capital is the average cost of premises and fixed assets. 

The standard profit efficiency model measures how well banks maximize profits 

relative to a given profit function.  The demise of Regulation Q, weakening of usury 

laws, the spread of branch and interstate banking and repeal of the Glass-Steagal Act of 

1933 are part of an overall trend of bank deregulation.  These structural changes in the 

regulatory environment provide banks the opportunity to affect the revenue side of 

                                                                                                                                                                             
interest rates and lower collateral requirements; and Boot and Thakor (2000) who expect relationship 
lending to increase as competition increases. 
64 A cost function requires a price and a quantity (cost being price times quantity), thus the commonly used 
translog cost function also requires a price.  Similarly, the profit function requires prices.  However, the 
authors note there are problems with unreliable prices in the banking industry, which may require the use of 
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output by allowing control over interest income, net interest margins, and interest 

expense as well as to provide additional sources of revenue65.  This approach allows for 

the possibility that a bank may incur additional costs to produce additional revenues plus 

a profit and remain efficient, but would otherwise have appeared inefficient from a 

strictly cost orientation.  The additional costs may appear unnecessary in the absence of a 

way to measure the more than offsetting revenue effects.  The profit function used by 

Berger and Mester (1997) is not atypical: =+ )ln( θπ +),,,( vzpwf  πuln + πεln where 

π is the variable profits of the firm, w is a vector of variable input prices, p is a vector of 

variable output prices, z is a vector of quantities of fixed netputs (inputs or outputs) and v 

is a set of environmental variables (such as unit banking).  Inefficiency is measured by 

ln πu and random error is measured by ln πε .  To avoid taking logs of negative numbers, 

θ is introduced to change losses to a net profit by adding a constant to every firm’s profit 

(loss).  This model assumes that output prices are given.  A typical implementation of 

this model used by Berger, Hancock and Humphrey (1993) and Akhavein, Swamy, 

Taubman and Singamsetti (1997) include using installment loans and consumer loans as 

outputs and using purchased funds (deposits ≥ $100,000 and other nondeposit funds) and 

labor (defined as the number of employees) as variable inputs.  Fixed inputs66 are defined 

as physical capital (premises and equipment) and core deposits (deposits < $100,000).  

The variable netput prices are defined as the flow of outputs (that is, new income) or the 

                                                                                                                                                                             
an average price.  The authors comment that some consider prices as possibly endogenous, thus requiring 
local input prices, if available. 
65 Berger, Hancock and Humphrey (1993), Berger and Mester (1997), and Berger and Mester (1999) 
consider the profit function approach to be superior to the cost approach.  Berger, Hancock and Humphrey 
(1993) and Akhavein, Swamy, Taubman and Singamsetti (1997) find that inefficiencies on the revenue side 
may be larger than the inefficiencies of the cost side.   
66 Fixed netputs are those inputs or outputs that take quite some time to change or are out of the banks 
control. 
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flow of inputs (or net expenses) for the period divided by the average balance of the 

associated input or output.  The average balance of a netput is the average of the 

beginning, middle and ending balance of the netput account.  The alternative profit 

function is similar to the standard profit function except that the assumption that output 

prices are given is replaced with the assumption that output quantities are given.  The 

alternative profit function used by Berger and Mester (1997) is as follows:  

=+ )ln( θπ +),,,( vzywf πuln  πεln+ .  All variables are defined as before, but the price 

vector p is replaced with y, a vector of output quantities.  According to the authors, the 

alternative profit function may be more appropriate if there are large, unmeasured 

differences in quality of services provided, outputs are not completely variable, banks 

can exert some market power and/or output prices may not be correctly measured. 

There are a number of sources of inefficiencies and reasons why some level of 

inefficiency may persist in a competitive banking environment of relatively 

homogeneous products and services.  Berger and Hannan (1998) found support for the 

“quiet life” hypothesis67 which is a type of agency cost that affects operating efficiency.  

Other banks may have management or owners who suffer from an edifice complex68, 

which is also an agency cost that is caused by over-investment in a nonearning asset and 

reduces operating efficiency.  Jensen and Meckling (1976) theorized that managerial 

over-consumption of perquisites is evidence of agency costs69.  Some banks may not be 

                                                           
67 The “quiet life” hypothesis says that some banks may remain inefficient because management prefers to 
maintain adequate profitability or cash flows rather than endure the long hours and multiple and constant 
headaches of trying to achieve and maintain total achievable profitability or cash flows.  
68 An edifice complex is a type of agency cost where management builds a lavish headquarters for itself.  
69 Many agency costs will show up as reductions in operating efficiency, sometimes directly, other times as 
some subtype of inefficiency.  For example, lavish headquarters is an investment inefficiency, overuse of 
marketable securities rather than loans may be from the pursuit of the quiet life or allocative inefficiency 
from poor input or output choices. 
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as successful in exercising growth options as Citigroup, Wells Fargo or Bank of 

America, which may be from the pursuit of the quiet life or a lack of opportunity.  Other 

banks may not be willing or able to assemble the proper mix of inputs or outputs to 

achieve or maintain adequate allocative efficiency.  Rural banks may be examples of 

inefficient banks persisting because of markets too small to allow entry of competitors 

and others may exist in a market too small to generate adequate demand for bank 

outputs.  Banks may have poor management such as Continental Illinois that wanted 

growth, but by taking on too many loan participations from Penn Square Bank, found 

they developed a severe bad loan problem.  Wheelock and Wilson (1999) point out that 

some inefficiencies occur because of differing rates of adoption of new technologies 

which alters a bank’s production process.  This could be described as an agency cost 

(management prefers consumption of perquisites), poor management or a technical 

inefficiency. 

 

B. Different Implementation Methods in Empirical Estimation 

Bauer and Hancock (1993) found that the choice of frontier technique made little 

difference identifying the most and least efficient decision making units (their relative 

ranking), though it had a strong influence on the measurement of average inefficiencies.  

Cooper, Seiford and Tone (2006) call the proper selection of inputs and outputs “crucial” 

when using DEA.  The thick frontier approach, like all parametric methods, begins with 

a choice of functional form.  No assumption is made concerning the distributional form 

for deviations from predicted performance (the error term).  Firms are stratified by class 

size and then within each class size, firms are divided into quartiles according to 
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performance.  The key assumption of this method is that deviations of actual costs from 

predicted costs within quartiles of each class size are random errors and that deviations 

of actual costs from predicted costs between the lowest cost quartile and the highest cost 

quartile of a class size represents inefficiencies.  Bauer, et al., (1998) used eight class 

sizes.  Banks in each class size with the lowest average cost were used to estimate the 

parameters of the best-practice firms, that is, the “thick frontier”.  This method has the 

advantage of lessening the effects of outliers, though some researchers prefer to 

truncate70 the residuals (Bauer, Berger, Ferrier and Humphrey, 1998).  Berger (1993) 

describes use of the thick frontier method as replacing one set of arbitrary assumptions 

with another set of arbitrary assumptions as do Bauer et al., (1998). 

The stochastic (econometric) frontier approach is another commonly used 

estimation technique.  It requires the use of a specified production function as well as 

assumptions about the distribution of the error term.  The composed error model is the 

most common distribution assumption.  This model assumes that the error term is 

composed of two parts v+= με .  The random error term, v , is commonly assumed to 

follow a standard normal distribution.  The inefficiency term, μ , is commonly assumed 

to follow a half-normal distribution (Berger and Humphrey, 1997; Berger and Mester, 

1997; Bauer et al., 1998).  The logic behind the asymmetric distribution of the 

inefficiency term is that inefficiency cannot be negative, (Berger and Humphrey, 1997) 

and cannot reduce costs, (Bauer et al., 1998).  Other distributions have been considered 

for the distribution of efficiency, including the gamma distribution, (Green, 1990) and 

                                                           
70Residuals in excess of 5% and 95% were reassigned to the average value at 5% and 95% to mitigate the 
effects of extreme values on the efficient frontier.  Extreme values of inefficiency estimates may be from 
random errors not otherwise averaged out. 
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the exponential, (Jondrow, Lovell, Materov and Schmidt, 1982).  Berger and Mester 

(1997) consider these distributional assumptions as “fairly arbitrary”.  In fact, Berger 

(1993) found that empirical inefficiencies appeared to be distributed more closely to the 

normal distribution than the half-normal distribution typically assumed.  This lack of 

consensus of the form of the error components’ distributions may make their 

disentanglement more difficult, especially for the single period study (Bauer and 

Hancock, 1993).  The half-normal distribution remains the assumption of choice (Bauer 

et al., 1998).  Both the random error term, υ, and the inefficiency term, μ, are assumed to 

be independent to input prices, output quantities and environmental variables (Berger, 

1993; Berger and Humphrey, 1997) and independent of one another (Sena, 2003)71. 

The distribution – free approach is preferred by Berger and Mester (1997).  

Again, some form of a production function must be assumed.  The distinguishing feature 

of this approach is that random effects are assumed to average out over time (Hunter and 

Timme, 1995; Berger and Mester, 1997; Clark and Siems, 2002).  Core inefficiency is 

assumed to be stable over time.  The result is that the composed error term, v+= με  

assumes v  averages out and μ  remains to estimate inefficiency.  Similar to other 

methods, truncation is used to mitigate problems with outliers (Berger, Hancock and 

Humphrey, 1993; Berger and Mester, 1997).  The length of the time period studied also 

affects the viability of the assumptions that random errors average out and inefficiencies 

are stable.  Too short of a time period would reduce the likelihood that random errors 

will average out, but too long of a time period increases the likelihood that a regime 

                                                           
71 Among time series studies, a common assumption is that inefficiency is time-invariant.  This is 
problematic the longer the time series, see DeYoung (1997) and Sena (2003). 
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change will occur that changes the underlying data generating process72.  This approach 

also requires the use of panel data.  Average-dollar balances of some outputs were used 

by Hunter and Timme (1995) in their study using the distribution free approach. 

Free disposal hull (FDH) is a special variety of data envelopment analysis.  

Whereas data envelopment analysis produces a linear or convex efficient frontier and a 

DMU can be measured relative to a virtual point that consists of linear combinations of 

other DMUs on the frontier, FDH does not impose linearity or convexity on the frontier, 

but rather produces a stair step shape to the frontier.  The DMU under observation is 

compared to DMUs on the efficient frontier.  The most dominant DMU adjacent to the 

DMU under observation is chosen to compute inefficiency relative to the observed 

DMU.  In this case, relative efficiency is computed with respect to an actual DMU only, 

not a virtual DMU as is done with DEA.  The FDH frontier is either on or inside the 

DEA frontier thus producing, on average, efficiency values greater than that produced by 

DEA – (Berger and Humphrey, 1997). 

Data envelopment analysis is a linear programming method used to determine a 

linear efficient frontier or to piecewise produce a best-practice convex frontier.  Its 

biggest advantage is that no assumption of the form of the production function is 

necessary.  If a DMU is not on the efficient frontier, its inefficiency is measured relative 

to a point on the efficient frontier that is the linear combination of the closest efficient 

units on either side of it.  For example, each input and output of the unit under 

investigation is a linear combination of the same inputs and outputs of the closest 

efficient unit on either side.  This creates a virtual efficient unit to which the unit under 

                                                           
72 See DeYoung (1997) for a detailed discussion of this tradeoff. 
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observation is compared.  It has the disadvantage in that random error is assumed away 

(or considered negligible), thus impeding statistical analysis73.  Another potential 

problem may occur when a relatively large number of inputs or outputs are specified.  

Too many DMUs may be identified as on the frontier (self-identifiers or near self-

identifiers) – (see Berger and Humphrey, 1997).  Additional dimensions increase the 

likelihood a DMU is not dominated by another DMU or a linear combination of DMUs.  

This can be ameliorated by increasing the sample size relative to the number of 

dimensions analyzed (Bauer et al., 1998). 

The lack of an allowance for random error means that measurement errors (such 

as those arising from the use of accounting data) may be erroneously included in 

inefficiency.  The effect may be exacerbated if an affected DMU with a large random 

error is a part of the efficient frontier.  This implies that not only does the affected DMU 

suffer from mismeasurement of its own inefficiency, but any other DMU whose 

efficiency is measured relative to that affected DMU also will suffer mismeasurement of 

its own inefficiency.  Also, unlike some of the parametric approaches that take into 

account input or output prices, DEA does not account for allocative inefficiencies 

(Berger, 1993). 

Each set of techniques (parametric versus nonparametric) has its own advantages 

and shortcomings.  Though the parametric methods easily allow statistical analysis, they 

require defining a correct functional form of the production function.  Parametric 

methods also require assumptions about the pricing of inputs and outputs.  Though some 

                                                           
73 There is some progress towards incorporating random error into the DEA framework, most notably 
bootstrapping by Grosskopf (1996) and Vena (2003).  Recent work by Simar and Wilson (1998) and Simar 
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prices may be observable, that is typically not the case.  Additional assumptions that 

affect the estimability and generalizability of the results are also required.  Though 

nonparametric74 methods do not require a predefined functional form, they do not 

provide for random error. 

Data envelopment analysis was originally designed for not-for-profit and 

governmental entities that lacked market data.  Many banks do not have market data 

available and value maximization may not be the only goal of the organization or value 

maximization may be impeded for some reason.  Berg, Førsund and Jansen (1991) found 

that the choice of inputs and outputs greatly affected efficiency scores.  Mlima and 

Hjalmarsson (2002) found that some of the definitions of inputs and outputs used in 

efficiency studies are “inconsistent with the neo-classical theory of the firm”.  In general, 

they found that the choice of model and certain inputs and outputs greatly affected 

results.  An advantage of using banks to examine the issue of inputs and outputs is that in 

a stable interest rate environment, balance sheet accounts may be closer to fair market 

value than for other industries (especially compared to capital intensive industries such 

as utilities, airlines and manufacturing).  Also, banks tend to have more of their assets in 

marketable securities, which are required to be marked-to-market under Statement of 

Financial Accounting Standards No. 115, than most other industries. 

 

                                                                                                                                                                             
and Wilson (2000a) also demonstrate bootstrapping techniques that allow for statistical estimation of DEA 
frontiers. 
74 DEA derives the efficient frontier from the observed data rather than from predefinition of a production 
function.  Although FDH compares a DMU with actual DMUs on the efficient frontier rather than with a 
virtual DMU like DEA, banking data is sufficiently large and the scale of most banks sufficiently large that 
use of a virtual DMU is not anticipated to differ from the efficiency available from actual DMUs, that is, 
attainability of inputs and outputs seems feasible. 
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C. Details on DEA, FDH and the Malmquist Index 

The Charnes, Cooper and Rhodes (1978) model (the CCR model) of data 

envelopment analysis was developed with an assumption of constant returns to scale 

(input oriented) as follows: 

The virtual output is defined as: ∑
=
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The efficiency ratio is defined as: ERI=VO/VI.         (12) 

The following fractional programming problem is then solved for the optimal weights: 
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This fractional problem is converted to a linear problem by multiplying (14) through by 

the denominator, rearranging this becomes (19).  The denominator of (14) is constrained 

to equal 1 becoming (18).  The remaining numerator is then maximized. 

The equivalent linear programming thus becomes: 

o
ss

o

vw
yuyuERIMax ++= ...11,

            (17) 

subject to: 
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 1...11 =++ o
mm

o xvxv  (the new input constraint)        (18) 

 ∑ ∑
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=≤−
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j
kk

j
ll njxvyu

1 1

,...,2,1,0           (19) 

 0,...,, 21 ≥mvvv             (20) 

 0,...,, 21 ≥suuu             (21) 

The output oriented version of the Charnes, Cooper and Rhodes (1978)75 model is as 

follows76.  This fractional problem is converted to a linear problem by multiplying (14) 

through by the denominator, rearranging this becomes (24).  The numerator of (14) is 

constrained to equal 1 becoming (23).  The remaining denominator is then minimized. 

o
ss

o xvxvMinERO ++= ...11               (22) 

subject to: 

1...11 =++ o
ii

o yuyu             (23) 

∑ ∑
= =

=≤+−
m

k

s

l

j
llkk njyuxv

1 1
,...2,1,0           (24) 

0,...,, 21 ≥muuu             (25) 
0,...,, 21 ≥svvv             (26) 

 
However, the CCR model is not translation invariant.  As will be seen later, this has 

consequences for moneylosing banks. 

Banker, Charnes and Cooper (1984)77 modified the CCR model to allow for 

variable returns to scale.  This BCC model is computed as follows: 

                                                           
75 See figure 2 for a representation of the CCR frontier.  Figure 2 is based on a similar figure from Cooper, 
Seiford and Tone (2006). 
76 Transformation of either is done by reversing the previous steps. 
77 See figure 2 for a representation of the CCR frontier.  Figure 2 is based on a similar figure from Cooper, 
Seiford and Tone (2006). 
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ovvu
Min
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o vxvvxv −++− ...11              (27) 

subject to 

1...11 =++ o
ii

o yuyu             (28) 
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llkk njyuvxv

1 1
0 ,...,2,1,0          (29) 

0,...,, 21 ≥muuu             (30) 

0,...,, 21 ≥svvv .            (31) 

The BCC model with an input orientation will be used.  This will allow for a constant to 

be added to the output such that output will be a net positive number without affecting 

the DEA score.  This is necessary to allow for the inclusion of money-losing banks in the 

analysis78. 

If data envelopment analysis is used to set up the non-parametric efficient 

frontier, then the distance functions produced may be used to compute the Malmquist 

productivity index.  This index is the geometric average79 of two distance functions for 

adjacent time periods and is used to determine whether a DMU has increased or 

decreased its efficiency from one time period to the next.  Consider the banking industry 

as producing from a vector of inputs Nt
N

ttt xxxx +ℜ∈= ),...,,( 21  a vector of outputs 

Mt
M

ttt yyyy +ℜ∈= ),...,,( 21 .  Under DEA the production possibility set is assumed to be 

convex with freely disposable inputs and outputs, though the free disposability 

                                                           
78 See Cooper, Seiford and Tone (2006) and Bowlin (1998) for a discussion.  The Malmquist index 
computes changes in efficiency between periods.  Moneylosing banks may change in their efficiency 
between periods. 
79 The geometric mean avoids an arbitrary decision whether to measure efficiency changes with respect to 
period one or period two technology. 
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assumption can be relaxed somewhat.  Then we can say the production technology is 

tttt xyxPT :),{(= can produce Tty t ...,2,1}, = .  The distance function can be in terms 

of inputs or outputs.  In the case of an output orientation, Shephard’s (1970) out-put 

distance function is used: 

=),(0
ttt yxD .,...,2,1)},(/:inf{ TtxPTy ttt =∈θθ  and        (32) 

.,...,2,1)},(/:inf{),(0 TtxPTyyxD tttttt =∈= θθ           (33) 

such that .1),(0 ≤ttt yxD               (34) 

Note that ),(0
ttt yxD  is known as the within-period output distance function.  

),( 11
0

++ ttt yxD  

and ),(1
0

ttt yxD + are the adjacent-period output distance functions. 

The period t output-oriented Malmquist productivity index is then defined as: 

),(
),(
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yxD
yxD

yxyxM
++

++ =         (35) 

which can be greater than, equal to, or less than 1 depending upon which period t 

technology is used as the base period.  The index can be computed with respect to period 

t or from period t+1, however the geometric mean as defined in Caves, Christensen and 

Diewert  (1982a, 1982b) is most commonly used, that is: 
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which is the equation used to decompose the index into various sub-indexes, most 

commonly the efficiency change index and the technical change index. 
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The efficiency change index can be written as:
),(

),(

0

111
0

ttt

ttt

yxD
yxD

EC
+++

= .      (37) 

Mukherjee, Ray and Miller (2001) show that the Malmquist index is correctly measured 

using an assumption of constant returns to scale (CRS).  Ray and Desli (1997) and Casu, 

Girardone and Molyneux (2004) argues that the consensus seems to be that the 

Malmquist index is measured correctly using CRS distance functions even if variable 

returns to scale (VRS) technology exists.  The technical change index can be written as: 
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TC .       (38) 

The nonparametric DEA and FDH techniques are linear programming methods 

that piecewise determine a best-practice frontier.  Neither method requires an a priori 

assumption of the form of the production function, but as deterministic methods, neither 

method makes allowance for random error80.  Efficiency may increase as the number of 

inputs and/or outputs increase.  This may occur if one account such as loans receivable is 

broken into three loan accounts such as commercial and industrial loans, installment 

loans, and real estate loans.  Too many decision-making units (DMUs) may be identified 

as efficient because each DMU has more opportunities to be efficient in some dimension, 

(Berger and Humphrey, 1997; Alam, 2001).  Increasing the sample size relative to the 

number of dimensions analyzed as suggested by Bauer, Berger, Ferrier and Humphrey 

(1998) is one possible solution.  The lack of an allowance for random error means that 

measurement errors may be included in a bank’s measure of inefficiency.  Should this 

                                                           
80 Simar and Wilson (1998), Grosskopf (1996) and Vena (2003) advocate bootstrapping techniques to allow 
for statistical analysis. 
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error be large and affect a DMU on the frontier, the inefficiency measure for a large 

number of DMUs may be misstated. 

DEA and FDH, unlike regression, allows for multiple outputs rather than a single 

output.  Multiple inputs are combined into a single virtual input and multiple outputs are 

combined into a single virtual output.  Efficiency is computed as the ratio of the virtual 

output to the virtual input, which is then maximized by optimizing each of the sets of the 

individual weights attached to the inputs and outputs.  However, DEA methods usually 

do not allow for decomposition of allocative inefficiencies.  Recent papers by Tone 

(2002) and Tone and Tsutsui (2004) are using price based and cost based methods81. 

Individual efficiency scores are not always sufficient for policy analysis or for 

consulting purposes because the individual score does not provide any explanation why 

efficiency scores vary between firms (Grosskopf, 1996).  The two-stage procedure was 

developed to address this shortcoming.  The first stage is to obtain the efficiency scores 

as previously described.  The second stage is to use regression analysis to explain the 

variations in efficiency scores.  Grosskopf (1996) suggested using DEA scores as data in 

the second stage regression and Mukherjee et al., (2001) regress the Malmquist 

productivity index on four sets of explanatory variables, whereas Serrano-Cinco, Mar-

Molinero and Fuertes-Callen (2006) use principal components analysis to capture 

differences between efficient and inefficient banks’ DEA scores for the first four 

principal components. 

                                                           
81 Their decompositions are outside the scope of this essay. 
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Consider the following model where the various asset accounts are the inputs and 

net income is the output, that is, net income is a function of total assets.  This model can 

be decomposed as follows: 

Interest income – Interest expense – Operating Expenses +Fee and other income – Taxes 

= f(Cash + Marketable Securities +∑
=

n

i 1
Loansi + Property Plant and Equipment + All 

Other Assets).              (39) 

Interest expense accounts for the cost of borrowed funds and fee income takes into 

account off-balance-sheet activities82.  A DEA or Malmquist score can be used as the 

dependent variable with the components of net income as the independent variables. 

Money losing banks present a problem in the calculation of efficiency.  By 

definition, as destroyers of wealth, these banks are not efficient.  However, of special 

concern are those banks that may incur a loss in one year, but are profitable in another.  

With respect to the Malmquist index, a bank that moves from (to) profitability to (from) 

incurring losses has become less (more) efficient.  DEA requires use of net positive 

outputs and DEA provides the distances necessary to compute the Malmquist index.  A 

constant needs to be added to net income sufficient that all banks have positive net 

income.  Each bank’s balance sheet needs to be multiplied by a constant such that every 

bank has the same total assets (common-sized).  This same constant needs to be used to 

multiply the components of the income statement.  This procedure alleviates the scale 

problem introduced by the technique used by Berger and Mester (1997)83.  Alternatively, 

the value of each component of the model may be used as an exponent of the natural log 

                                                           
82 Siems and Clark (1997) suggest using non-interest income as a proxy for off-balance sheet activity. 
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or other log, the model is then run, and the natural (or other) logarithms of the resulting 

scores are taken.  This method also avoids the problem of a net negative output. 

 

A. Computational Example Using Variable Returns-to-Scale 

Table 23 provides a sample of bank data from 2005 for use in presenting a graph 

(shown as Figure 3) to demonstrate the composition of an efficient frontier and the 

calculation of a simple one input one output model.  This model uses a bank’s net 

income as a single output.  The single input is a bank’s average total assets.  The 3 and 4 

input models use a bank’s average total assets as inputs decomposed into three 

components (cash and securities, loans and all other assets).  A two dimensional graph is 

used because of the difficulty of visually representing a multidimensional model.  A 

multiple input/output model would present efficiency as comparative distances from the 

surface of a plane in a 3 dimensional model to a hyperplane for higher dimension 

models.  The basic idea of comparative distance measures still holds.  This is a very 

small and homogeneous data sample and therefore is expected to provide high average 

efficiencies.  A sample of twenty banks was chosen from 2005.  The X –axis represents 

average total assets for each bank and the Y-axis represents the net income for each 

bank.  The following banks are efficient, having a DEA score of 1, Farmers State Bank, 

State NB & TC and Horizon Bank.  The following two banks are used to show how a 

DEA score for a bank is computed in the one input, one output case:  The Bank of 

Southern CT and Security Bank.  The variable returns to scale input oriented date 

envelopment analysis technique is used.  The Bank of Southern CT’s input is compared 

                                                                                                                                                                             
83 Appendix D contains a more complete discussion of the techniques applied to the problems created by 
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to the efficient frontier, represented by the line drawn from the X-axis to Farmers State 

Bank.  The Bank of Southern CT’s efficiency is computed by comparing the distance 

from the Y-axis to the line drawn from the X-axis to Farmers State Bank (72,418) to the 

distance from the Y-axis to the Bank of Southern CT (80,409) or 72,418/80,409=0.901.  

The second case shows how to compute an efficiency score when the efficient frontier to 

compare to is formed by two banks rather than a single bank.  First the equation of the 

line going through the points represented by Farmers State Bank and State NB & TC is 

found.  This line is y=0.306735-21,658.  Second, the intersection of the line y=0.306735 

and y=926 needs to be found.  Y=926 represents the output of Security Bank, that is, 

holding Security Bank’s output constant, what is the associated input located on the 

efficient frontier?  That point is a virtual bank with total assets of 73,627 and net income 

of 926 shown at the point (73627,926).  The amount 77,565 represents the amount of 

input Security Bank should be using to produce its output of 926.  Security Banks 

efficiency is the ratio of the distance from the Y-axis to the point (73627,926) to the 

distance from the Y-axis to the point (77565,926), which is 73,627/77,565=0.949. 

 

                                                                                                                                                                             
money losing banks. 
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Appendix C 

The Classification of Inputs and Outputs 
 
 

The standardized model proposed here has been developed to address various 

problems that have been noted in the literature.  The biggest problem is the lack of 

standardization of inputs and outputs.  Mukherjee, Ray and Miller (2001) use the 

following outputs: commercial and industrial loans; consumer loans; real estate loans; 

investments and total non-interest income.  They classify as inputs: transaction deposits; 

non-transaction deposits; equity; labor measured in full-time equivalent employees; and 

capital, which is defined as non-labor, non-interest expense.  Casu, Girardone and 

Molyneux (2004) define their inputs as labor, deposits, and capital.  Outputs are defined 

as total loans, securities, and off-balance sheet items.  This is typical of the disagreement 

that exists between authors as to what should be included as an input or as an output for 

any firm.  Tripe (2004) compared Australian banks to New Zealand banks.  His results 

changed from greater apparent efficiency of Australian banks over New Zealand banks 

when not using capital as an input to the result of no apparent difference in efficiency 

when capital was included as an input.  Jemrić and Vujčić (2002) use both the 

intermediation approach and the production approach when studying the privatization of 

Croatian banks.  Gains in efficiency measured by the operating approach were 

significantly greater than those measured by the intermediation approach, but the results 

were clouded by the use of different inputs and outputs for each approach.  Paradi, 

Aggarwall and Schaffnit (2002) use the production model of Benston (1965) and the 

intermediation model of Sealey and Lindley (1977) to study Canadian banks yet found 
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similar results with both models using rather different inputs and approximately the same 

outputs.  Alam (2001) utilized four different sets of inputs and outputs.  She explained 

that the differences in efficiency between models occurred because of the well-known 

DEA phenomenon of increases in average efficiency as the number of variables 

employed increases. 

Another problem with the current state of efficiency studies is the problem of 

omitted accounting variables.  An obvious missing variable in many of these studies is 

cash and cash equivalents.  None of the studies listed in Table 1 use cash as an input, nor 

do virtually any other studies.  A bank that chooses to hold a larger cash position could 

be seen as less efficient, especially if it is nonearning cash.  One may dismiss this as 

unimportant, cash being a relatively small percentage of bank assets, but lumped with 

other non-earning assets, a bank’s relative position to the efficient frontier could be 

affected.  Even interest bearing cash accounts may affect efficiency given their lower 

earnings yield compared to securities or loans receivable, for example.  A standardized 

model that defines total assets as inputs and net income or cash flows as the output would 

eliminate the problem of omitted accounting variables.  Exclusion of variables may also 

result in omitting some of the operations of the bank, (Tripe, 2004). 

Many of these productivity and efficiency studies use the number of employees, 

the number of full-time equivalent employees, or hours worked as an input.  One 

difficulty with using such labor proxies as an input is the trend of outsourcing certain 

bank operations.  The costs may remain, but it is no longer accurately measured just by 

counting bank employee related measures.  Continued use of labor hours or employees 

could overstate efficiency as employment drops because of outsourcing trends, (Berger 



Texas Tech University, Norman Clement Jr., August 2007 

 102

and Mester, 1999; Tripe, 2004).  Additionally, the use of full time equivalent employees 

does not take into account productivity differences between employees or differences in 

wage scales.  A standardized model that uses net income as an output would include 

employee wages and labor burden as reductions in output thereby taking into account the 

full expense of labor and the cost of outsourced equivalent operations as a reduction in 

outputs84. 

Another way to view classification of inputs and outputs is the direction of the 

associated cash flows and whether a benefit is received.  The requirement of a net cash 

outflow would be an indicator of an input (the cost or something the bank wishes to 

minimize) and the requirement of a net cash inflow would be an indicator of an output 

(the benefit or something the bank wants maximized).  For example, the creation of a 

loan requires a cash outflow (the investment) therefore a loan is an input.  Interest 

income is an inflow (the return or benefit) and therefore is an output, the return of 

principal on the loan and any reinvest income then becomes inputs for the next period.  

Deposits are cash inflows (financing) that require a cash outflow (interest expense), 

which is a negative component of the output, net income, as well as foregone cash 

inflows because of the reserve requirement.  Equity is a cash inflow (financing) that 

requires an outflow, dividends or reinvestment of net income to retained earnings.  This 

is consistent with the view that a bank’s assets are the inputs, net income is the output 

and liabilities and equity are financing.  Berger and Mester (1999) make the following 

comment in their discussion as whether deposits should be an input or an output: 

                                                           
84 If firms are considered as a nexus of contracts, then the use of outsourcing is a matter of trading within 
the firm labor contracts for outside the firm labor contracts.  Both sets of contracts are reported through the 
income statement. 
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In our opinion, the asset approach – which treats deposits as an input – is most 
compatible with the profit maximization concepts discussed earlier.  This is 
because deposits and other liabilities by themselves generate negative cash flows 
and reduce profits, whereas loans and other assets generate positive cash flows 
and profits. 

 
The same argument can be made for loans and other assets as inputs.  Because loans and 

other assets generate positive cash flows and profits (an output) argues for their inclusion 

as inputs.  Because deposits and other liabilities generate negative cash flows and reduce 

profits (negative output) is a convincing argument that such liabilities are not inputs, (and 

emphatically not outputs) but financing sources. 

A model that utilizes equity and liabilities as inputs would need to show that 

shareholder wealth is created directly from equity and liabilities, that is, a positive cash 

flow is generated directly from equity and debt and not indirectly by investing the 

financing proceeds into cash generating assets.  Financing generally requires a cash 

outflow, interest expense and other debt related expenses in the case of debt financing.  

One possible view may be that should a firm issue stock for more money rather than less 

or issues debt for a lower interest rate rather than a higher interest rate may be considered 

making the firm better off and as such generate an output.  Some evidence exists of such 

a possibility, although it is a long-term process rather than a short-term trading oriented 

process.  Baker and Wurgler (2002) provide evidence that managers are successful at 

timing equity issues.  Loughran and Ritter (1995) also find evidence consistent with the 

view that firms take advantage of opportunities to issue equity when management 

believes its firm’s securities are overvalued.  Other evidence exists showing such 

attempts to issue securities adversely affect security prices and long-term performance, 

(Mikkelson and Partch, 1986; Asquith and Mullins, 1986; Ritter, 1991).  However, a 
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more correct view would include any benefits gained by timing equity and debt issue and 

buybacks as part of financing efficiency.  A bank, just as an industrial firm, earns cash by 

investing the cash raised from issuance of its own securities into assets.  Thus a bank 

earns a return from investing in loans receivable and securities just as an industrial firm 

earns a return from the production and sale of inventory or a service company earns from 

the sale of the efforts of its workforce.  The comparison may not be as clear with a 

service company, but such a firm spends an asset (cash) to hire a worker whose efforts 

are sold in the market place for a fee. 

Consider the three banks in Table 24.  The table is set up such that the financing 

is the same for all three banks.  What is readily apparent is that interest income is 

generated from earning assets and is a positive component of net income.  Interest 

expense is generated from financing liabilities, in this case deposits and notes payable, 

and is an identical $1,480.  Interest expense is a negative component of net income and 

remains a negative component even after tax effects.  Operating expenses (identically 

$100) are negative components of net income and are generated from using up an asset 

(depreciation of property and equipment) or from an asset going bad (bad debt expense 

when a loan receivable becomes uncollectible).  Salaries and other labor related expenses 

(part of other expenses) are negative components of net income and are included in 

operating expenses.  It is clear from this simple example that each bank creates new 

wealth from the use of its assets.  The new wealth, interest income, is recorded as a 

component of net income85. 

                                                           
85 The same argument can be made for non-interest (fee) income, the associated costs of which are included 
in operating expenses.  Non-interest income has been omitted from this simple example for the sake of 
clarity. 
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Net income (whether driven by interest income or fee income) is not cost-free.  

These additional costs are recorded as components of net income: operating expenses, 

taxes and financing costs.  The intermediation approach says that liabilities and equity 

(the inputs) are used to produce earning assets (the outputs).  It is clear from Table 23 

that liabilities and equity are used to purchase earning and non-earning assets, which are 

then used to create outputs.  The only components of net income generated by liabilities 

and equity are financing costs, which are reductions in output.  The production approach 

says that labor and capital are used to produce output.  However, labor is a negative 

component of the output, net income, and capital (C) is used to purchase assets (K) that 

are used to produce income. 

Now consider the banks described in Table 25.  The banks are identical except for 

their financing mix.  It is readily apparent that all three banks are equally technically 

efficient with respect to operating efficiency (after - tax operating income) as all three 

banks have earned the same amount of after tax operating income ($960) from the same 

mix and amount of inputs.  Net income for each bank is different ($15 for Bank A, $105 

for Bank B, and $330 for Bank C) after taking into account the effect of financing costs, 

in this case the after tax cost of interest expense ($945 for Bank A, $855 for Bank B and 

$630 for Bank C).  With respect to total technical efficiency, Bank C is the most efficient 

bank, earning twenty-two times the net income of Bank A and over three times the net 

income of Bank B because Bank A is able to finance assets primarily with low cost 

deposits.  Total efficiency is changed by the inclusion of financing effects.  The Charnes, 

Cooper and Rhodes (1978) model measures technical efficiency assuming constant 
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returns to scale86.  The decomposition of total technical efficiency into operating 

efficiency and financing efficiency is expected to be additive under CCR.  Financing 

efficiency is computed by subtracting total efficiency from operating efficiency.  Using 

the CCR output oriented model all three banks are fully efficient on an operating basis, 

but Bank A is only 0.0455 efficient, Bank B is only 0.3182 efficient and Bank C is fully 

efficient on a total efficiency basis.  Financing efficiency is .0455 for Bank A, 0.3182 for 

Bank B, and 1.0000 for Bank C.  The Banker, Charnes and Cooper (1984) model 

measures technical efficiency using the assumption of variable returns to scale.  The 

decomposition of total technical efficiency into operating efficiency and financing 

efficiency is expected to be additive under BCC as it is constructed piecewise linear.  

Financing efficiency the same as it is under CCR.  In this simple model, there is no 

difference in the results of the two models. 

 

                                                           
86 The CCR model assumes a linear efficient frontier. 
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Appendix D 

The Problem of Money Losing Banks 

 

Money losing banks present a problem in the calculation of efficiency.  By 

definition, as destroyers of wealth, these banks are not efficient.  However, of special 

concern are those banks that may incur a loss in one year, but are profitable in another 

year.  Berger and Mester (1997) chose to add a constant to the profit side of their model 

to avoid taking the logarithm of a negative number.  There is no indication that a 

corresponding adjustment was made to the inputs which introduces a bias that decreases 

with the increasing size of the bank.  Clark and Siems (2001) also suggest adding a 

constant to profits sufficiently large such that no bank has negative profits.  However, 

they also suggest subtracting the constant from the numerator and denominator of their 

profit function ratio.  One approach proposed here is to common-size the balance sheet 

and income statement of all banks by total assets.  Then a constant can added to each 

bank’s net income sufficient that every bank has positive net income.  Having done so, 

the efficient frontier and each bank’s Malmquist index can be computed using every 

bank.  Inputs are taken from each bank’s beginning of period balance sheet and the 

outputs are taken from the income statement of that given period.  An alternative method 

is to use the components of the model as exponents of the natural logarithm, thus 

eliminating the net negative outputs by the transformation. 

),,( OALNCSNI eeefe =            (40) 
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The DEA program can then be performed and the natural logarithm of the results taken 

prior to analysis87. 

 Unfortunately, no method is available to decompose total efficiency into 

operating efficiency and financing efficiency using the first alternative.  Net income 

would have to be adjusted such that the relative proportions of operating income and 

financing costs is unchanged both before and after additional of the constant.  However, 

the ability to decompose total efficiency into operating efficiency and financing 

efficiency is retained in the exponential approach.  A third approach is to use the input 

oriented BCC method and add a constant to outputs as the input oriented BCC method is 

translation invariant as noted earlier. 

 Of some interest would be the nature of these least efficient banks.  Paradi, 

Asmild and Simak (2001) propose using “negative DEA” to identify the worst 

performing firms.  Their procedure produces an initial efficient frontier.  Firms on the 

efficient frontier are removed and the procedure is repeated until a sample of “worst” 

firms remain.  These sequential frontiers can then be examined individually.  As a 

variation of this idea, the sign on the net income of money losing banks can be reversed 

and an inefficient frontier can be constructed.  The banks on this inefficient frontier can 

be examined to determine the characteristics of “worst” banks. 

 

                                                           
87 When tried, efficiency scores could not be transformed back. 
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Appendix E 

The Bank Reserve Requirement 

 

 

The justification of the imposition of the reserve requirement on reservable 

deposits (however defined) are twofold.  Benston (1969) states the reserve requirement 

was established to protect depositors and bank note holders.  Laurent (1981) and others 

state that the reserve requirement is necessary for the Federal Reserve to implement 

monetary policy.  There seems to be universal agreement that the imposition of the 

reserve requirement in the absence of the payment of interest (such nonpayment being 

typical) on such balances is the imposition of an implicit tax (Mayer, 1966; Meyer, 1968; 

Johnson, 1968; Spitaler (1992); and Kuprianov, 1997).  Some assert that this requirement 

is essentially an interest-free or below market-rate loan to the government (Mayer, 1966; 

Spitaler (1992).  Some authors believe that the reserve requirement distorts the resource 

allocation mechanisms of the economy.  Tolley (1957) states such a resource distortion 

occurs if the government does not pay interest on the required balance.  Friedman (1960) 

invokes an equity argument that it seems unfair that some holders of government 

securities (investor holding treasury bills) should receive interest while others do not 

(banks holding Federal Reserve deposits).  However, Mayer (1966) argues that an 

investor holding a bank deposit gains liquidity rather than interest.  Meyer (1966) implies 

the resource misallocation is a function of the level of the reserve ratio.  Johnson (1968) 

argues that optimal resource allocation would require the central bank to pay interest on 
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reserve deposits but that distortions of resource allocation also occurs through other bank 

regulations also. 

Various authors disagree over at what rate banks should be recompensed for their 

reserves.  Johnson (1968) thinks the rate should be based on the yield of central bank 

assets less operating costs, but warns that central banks are not pressured toward 

efficiency, thus the rate would tend to be too low under this method.  Laurent (1981) 

asserts that the determination of what rate the central bank should pay is unclear. 

The existence of the reserve requirement has noticeable effects.  Laurent (1981) 

says that the requirement causes banks to pay depositors less and as a result these 

depositors may reduce their deposit holdings below what may be optimal levels, altering 

the central bank’s ability to achieve monetary targets88.  Innovation would provide 

financial products to depositors that would not be subject to the reserve requirement also 

reducing the central bank’s monetary control.  Kuprianov (1997) notes that banks 

reduced reliance on reservable bank deposits to other nonreservable bank liabilities and 

Davies (1998) notes that United States banks increasingly used sweep accounts to move 

bank liabilities to nonreservable accounts.  Benston (1969), writing before passage of the 

Monetary Control Act of 1980 (MCA), warned that different reserve requirements 

between different classes of banks would cause shifts in demand deposits between banks 

possibly changing total demand deposits.  Second, differing ratios between demand and 

time deposits would shift relative demand between the two products.  Third, should 

                                                           
88 Barnett (1994) suggests that the reserve requirement operates not as a mechanical process relating the 
monetary base to the supply of money, but that the reserve requirement operates as individual banks 
attempt to perform their intermediation function in some optimal way. 
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demand deposits among banks that prefer differing amounts of excess reserves89 shift, 

overall total demand deposits may also change.  Haslag and Hein (1989) found that the 

passage of MCA90 raised reserve requirements for nonmember banks and lowered them 

for member banks, but that the evidence suggests that effectively a net reduction of 

required reserves appeared to have occurred for all depository institutions beginning in 

late 1981. 

The reserve requirement has been described as an implicit tax.  Measurement of 

this tax has certain difficulties.  Johnson (1968) states that the tax is a function of the 

level of interest rates and Laurent (1981) says that the tax is also a function of the reserve 

requirement ratio.  Henderson (1987) found that certain implicit subsidies such as access 

to the Federal Reserve’s discount window were not sufficient to offset the deposit 

reserve requirement’s implicit tax effect.  Kuprianov (1997) asserts that tax preferences 

existed that were intended to offset the effects of the implicit reserve tax and other 

regulations, but that passage of the Tax Reform Act of 1986 stripped most banks of these 

tax preferences (primarily the deductibility of the loan loss reserve for larger banks). 

Kuprianov (1997) found that the cost of deposit reserve requirements fell from 20 

basis points to 10 basis points between 1990 and 1994.  This 10 basis point reduction 

was attributed to the elimination of time deposit reserve requirements (2 basis points), 

the reduction from 12 percent to 10 percent in the demand deposit ratio (3 basis points) 

and a general reduction in interest rates (5 basis points). 

                                                           
89 Kopecky (1984) explains that a bank’s desired excess reserve holdings are a function of prevailing 
interest rates, transaction costs and stochastic shocks.  He finds it unlikely that banks would not need excess 
reserves.   
90 MCA required reserve deposits for all depository institutions not just Federal Reserve member banks. 
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The measurement of the implicit tax is muddled first by trying to determine what 

rate of interest should be required to offset the tax and second, how to value of any 

offsetting subsidies.  Third, what is the reduction in interest paid on any reservable 

deposits that is the result of the implicit tax.  Fourth, how would you measure the amount 

of reserves subject to the tax because of the effect of banks wishing to hold excess 

reserves and that reserves held as currency do not earn interest anyway91.  Measurement 

of the tax is made more difficult by trying to determine what the opportunity cost is to 

each bank.  Though the required reserves may be measurable and various author’s opine 

as to what the rate of payment should be on these reserves, each bank has its own 

opportunity cost that is determined by its investment objectives.  Some banks in growing 

parts of the country may be able to profitably loan those reserves for a rate well in excess 

of some speculated Federal Reserve rate.  The overall result may be that the implicit tax 

is highest for the most efficient banks.  Two possible methods may be available to 

impute the cost of this tax to a bank.  One method would increase interest income by the 

cash required for the bank’s reserve requirement multiplied by interest income divided 

by total deposits, by making the assumption that in the absence of a reserve requirement 

the cash would have been invested in the same proportion of earning assets as the 

balance of the bank’s deposits and to assume that the bank would earn with these 

reserves the same average rate it earns on its other assets.  A second method is to reduce 

nonearning cash and deposit liabilities by the amount of the required reserve.  However, 

in light of the findings of Kuprianov (1997), such adjustments may not be worthwhile in 

light of the primary purpose of this paper.  

                                                           
91 Johnson (1968) suggests that payment of interest on bank reserves would cause banks to shift from 
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Appendix F 

Areas for Future Research 

 

Though this paper focuses on banks, the efficiency issue is equally important for 

nonbank firms.  Past studies of efficiency have emphasized heavily regulated industries 

that have a high degree of homogeneity.  For a variety of reasons, these heavily regulated 

firms, including banks, have been constrained from fully exploiting the profit motive and 

value maximization.  Therefore, techniques needed to be developed to measure 

inefficiency or provide a means of cost benefit analysis of regulations.  A well-specified 

model of inputs and outputs should be applicable across different industries and time 

periods.  While regulated industries have provided the primary testing environment, any 

model that is only applicable to those industries will be lacking in general application 

and, therefore, of limited value.  A look at these questions for nonbank firms may 

provide insight into current thinking about both questions.  Alam and Sickles (1998) 

examine the United States airline industry.  They defined the inputs of an airline as the 

number of airplanes, labor, gallons of aircraft fuel and supplies, outside services and non-

flight capital.  Outputs are defined as passenger revenue ton-mile and cargo and charter 

operations revenue ton-mile.  Ray and Mukherjee (1996) also examine the United States 

airline industry.  Their choice of outputs is revenue passenger miles of scheduled flights, 

revenue passenger miles of chartered flights, revenue ton-miles of mail and revenue 

tonmiles of other freight.  Their inputs include:  the number of employees adjusted for 

hours worked; gallons of fuel; materials such as food, non-labor maintenance, insurance, 

                                                                                                                                                                             
currency to Federal Reserve deposits. 



Texas Tech University, Norman Clement Jr., August 2007 

 114

communication, interrupted trip, legal and advertising expenses, office expense and other 

miscellaneous expenses; flight equipment and; ground equipment which includes 

buildings, improvements to leased real estate, equipment, furniture, fixtures and other 

equipment.  To model the airline industry, again the balance sheet provides a source of 

inputs and the income statement provides a source of outputs.  Minor modifications are 

necessary to tailor the model to the industry.  Thus a model for computing total 

efficiency for the airline industry would be: 

Net income = f(Cash and securities, property plant and equipment,  

other assets)                (41) 

The models for computing financing efficiency would be the same as the bank model. 

Delmas and Tokat (2005) examine the United States electric utility industry.  The authors 

define inputs as labor cost, plant value, production expenses, transmission expenses, 

sales, administrative and general expenses and purchased electricity.  Chosen outputs are 

quantities of low-voltage sales, high-voltage sales and resale of electricity.  The model 

for the utility industry would be the same as for airlines primarily because both industries 

are capital intensive.  Two things are worth noting in the two examples of this section, the 

use of physical quantities and how inputs and outputs differ between authors.  Some mild 

degree of agreement seems to coalesce between industries as what should be an input or 

output (labor as an input) and somewhat more agreement seems to form within an 

industry as what may be an input or output (fuel as an input for airlines, loans as an 

output for banks), but each study has its own set of inputs and outputs.  What is 

noticeable is that each industry requires a set of inputs and outputs that are unique to that 

industry in current research.  However, by utilizing the inputs and outputs as defined in 
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this paper, one model is sufficient for any industry, although any study should restrict 

itself to a single industry. 
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OPEN-ENDED MUTUAL FUND EFFICIENCY 

AND THE ROLE OF 12b-1 FEES 

 
 

ABSTRACT 
 
 

Open-ended mutual fund efficiency is examined utilizing data envelopment 

analysis.  Inputs and outputs are standardized and then extended utilizing the flexibility of 

the data envelopment analysis approach.  Risk and return are modeled as joint outputs.  

This is consistent with the idea that there is a tradeoff between risk and return.  Because 

of the joint nature of risk and return and their use as joint outputs, the approach used here 

does not require specifying the nature of the risk/return tradeoff.  The effect of 12b-1 fees 

on mutual funds is examined from an efficiency point of view.  Consistent with previous 

literature using much different techniques, the imposition of 12b-1 fees is found to be 

detrimental to fund efficiency.  Funds with 12b-1 fees are shown to have higher expense 

ratios net of the 12b-1 fee than funds that do not have 12b-1 fees.  Finally, funds that 

increase in efficiency are shown to do so by producing higher returns, generating fewer 

expenses and reduce their risk. 
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OPEN-ENDED MUTUAL FUND EFFICIENCY AND THE ROLE OF 12b-1 FEES 

 
 
 
I.  Introduction 
 

Measuring the performance of mutual funds has been a controversial topic for 

decades, complicated by Roll’s (1977) and (1978) argument that performance measures 

are relative to the chosen benchmark.  The search for an absolute measure of performance 

has since given way to a search for the best relative measure of performance.   

Some of the earliest work in the realm of mutual fund performance was done by 

Treynor (1965), Sharpe (1966), and Jensen (1968)92.  Each created his own performance 

measure by building on the original ideas of Markowitz (1952).  Sharpe (1966) noted that 

there was no adequate definition of a benchmark for measuring “normal” performance.  

Jensen (1968) expressed the need for an absolute measure of performance, but noted that 

researchers only had relative measures of performance available93.  Lehman and Modest 

(1987), Elton, Gruber, Das and Hlavka (1993) and many other studies of mutual fund 

performance have used a variety of benchmarks and reported that their results are 

sensitive to the benchmark used, as predicted by Roll (1978).  Other researchers, noting 

the problem of benchmark sensitivity, have tried to avoid the need for a benchmark 

(Grinblatt and Titman, 1993; Goetzmann and Ibbotson, 1994)94.   

In Sharpe’s (1966) judgment, a mutual fund manager has three responsibilities, 

proper selection of underpriced securities, proper diversification, and portfolio selection 

                                                           
92 See appendix A for a brief discussion of these measures and a definition of abnormal profits. 
93 These relative measures were with respect to an index, not as a comparative measure between funds.  
Individual funds are compared to the efficient frontier of best practice mutual funds. 
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consistent with the fund’s chosen risk objectives.  Though researchers generally agree on 

the second two goals, the first goal is hotly contested.  Central to this debate is the 

assertion by Grossman (1976) and Grossman and Stiglitz (1980) that, given an efficient 

market, securities should still be priced such that an investor striving to become informed 

is rewarded for incurring the expense of becoming informed.  This implies that the 

expenditure of resources by a mutual fund should be evidenced by “reasonable” returns.  

Unfortunately, the ability to assess the existence of reasonable returns is made difficult by 

the relative versus absolute performance debate.  This issue is further clouded when given 

the argument of Grinblatt and Titman (1989) that any excess returns may be expropriated 

by the fund’s managers in the form of perquisites and excess fees95,96.  

Proponents for the active management of mutual funds assert that the additional 

expenses incurred by active management produces returns in excess of those achieved by 

passive indexing.  However, Jensen (1968) and Grinblatt and Titman (1989) did not find 

positive abnormal returns to be associated with the active management of mutual funds.  

Though Ippolito (1989) found significantly positive abnormal returns, Elton, Gruber, Das 

and Hlavka (1993) found that Ippolito’s results were special to the period examined and 

to errors in his data.  Jensen (1968) and Grinblatt and Titman (1989) examined gross 

returns before expenses and found no evidence of superior performance97.  Elton, Gruber 

                                                                                                                                                                             
94 The comparative performance of mutual funds requires a certain amount of homogeneity of fund 
objectives (Hendricks, Patel and Zeckhauser, 1993; Goetzmann and Ibbotson, 1994; Murthi, Choi and 
Desai, 1997; and Morey and Morey, 1999). 
95 This may require examination of gross returns rather than net returns.   
96 Gruber (1996) comments that management of a fund is not priced, that is, whether a fund has good or 
poor management, the fund is priced at net asset value.  He concedes that in the long-run, good 
management may be priced because it will raise its fees, but that his evidence shows that high fees are 
related to poor fund management rather than good fund management. 
97 Grinblatt and Titman (1989) consider the possibility of managers to extract rents if they have superior 
ability. 
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and Blake (1996) found that on average, successful managers increased their pay, not by 

increasing expenses directly, but by increasing the size of their funds.   

Other authors have researched the association between returns and expenses.  

Sharpe (1966) found that better performance is associated with lower fees.  Ippolito 

(1989) found performance unrelated to fees.  Elton et al., (1993) state that there should be 

no relationship between a fund’s expense ratio or turnover ratio and the fund’s 

performance if the fund is efficient98.  The authors also assert that the managers of a fund 

should charge fees that can be justified by the performance of the fund, but the results of 

their study did not show such a relationship between fees and performance and they 

conclude that fund performance does not justify the additional costs incurred for 

information99,100. 

Of course, certain costs are necessary for the proper management of a mutual 

fund.  These expenses include advisory fees, bookkeeping expense, cost of research and 

other operating expenses.  In 1980, the Securities and Exchange Commission (SEC) 

implemented rule 12b-1.  This rule allowed mutual funds to use fund assets to pay for 

distribution and marketing costs thereby effectively overturning a longstanding 

prohibition instituted by the Investment Company Act of 1940 on such payments101.  The 

primary justification of the fee was to allow mutual funds to attain economies of scale 

and avoid the net redemptions that led to mutual fund failure during the 1980s.  Ferris 

and Chance (1987), MacLeod and Malhotra (1994) and Malhotra and MacLeod (1997) 

                                                           
98 Managers should generate sufficient additional return to justify the additional expense if the fund is 
efficient. 
99The ability to measure a fund manager’s performance is complicated by the phenomenon of “closet 
indexing.  Miller (2005) expresses concern that funds may charge for active fund management, but a 
substantial amount of the fund may be little more than an “indexed investment”.  
100 Malkiel (1995) reached the same conclusion. 
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studied the effects of 12b-1 fees and determined that these fees were a “dead-weight” cost 

to investors.  Dukes, English and Davis (2006) also examined 12b-1 fees and concluded: 

“Our findings suggest that 12b-1 fees are associated with increased mutual fund 
expense ratios net of the 12b-1 fee, that the expense ratios (net expense ratios102) 
of failing firms are higher than those of surviving firms, and that 12b-1 fees are a 
primary determinant of the higher expense ratios (net expense ratio).” 
 

Livingston and O’Neal (1998) found that the present value of 12b-1 fees may be 

approximated by multiplying the annual 12b-1 fee by the number of years that an investor 

holds the mutual fund. 

Because of the difficulties of using a benchmark or benchmarks in measuring 

mutual fund performance, researchers began looking for ways to measure performance 

without benchmarks.  Grinblatt and Titman (1993) developed a unique method to 

measure performance without using a benchmark by examining the correlation of a 

security’s return when in the fund’s portfolio to its return after being dropped from the 

fund’s portfolio103. 

This essay lays the groundwork for examining mutual fund efficiency, first by 

focusing on the justification of inputs and outputs used to measure efficiency, and then 

expands the analysis by examining performance efficiency with particular attention to the 

effect of 12b-1 fees104.  The flexibility of data envelopment analysis (DEA) used to 

                                                                                                                                                                             
101 See Dukes and Wilcox (1992) for a thorough discussion of 12b-1 fees. 
102 The net expense ratio is defined as the expense ratio remaining after the direct effect of the 12b-1 fees is 
removed from the ratio. 
103Hendricks, Patel and Zeckhauser (1993), Goetzmann and Ibbotson (1994), Murthri et al. (1997) and 
Morey and Morey (1999) point out the need to group funds by characteristics (e.g. loads) and objectives 
(e.g. growth) for homogeneity.  Fund efficiency is examined from the viewpoint of the fund and the 
resulting efficiency score is attributable to the operations of the fund.  The effect of loads on an investors 
return can have a significant impact on an investor’s return.  Therefore loads and other fund characteristics 
that may have an effect on returns are examined after the computation of the DEA score.   
104 Anderson, Brockman, Giannikos and McLeod (2004) data envelopment analysis study found that funds 
with a 12b-1 fee had higher annual expenses than funds without such fees and are a major source of 
inefficiency. 
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estimate mutual fund efficiency assumes risk and return are joint outputs in the mutual 

fund performance generating process.  DEA, unlike regression, allows for multiple 

outputs.  The use of DEA also provides a means of avoiding the benchmark problem 

because a fund’s efficiency is compared to a frontier composed of a set of best-practice 

mutual funds. 

 

II.  Analysis 

The concept of efficiency is easily extended to mutual funds.  In certain respects 

the examination of the efficiency of mutual funds is easier than examining the typical 

operating business because of their simpler structure and simpler operations.  Assets are 

usually limited to cash, cash equivalents and securities, whereas liabilities are mostly 

amounts due for securities purchased, due investors for redemptions, operating expenses 

incurred and not paid and dividends payable.  Revenues include dividends, interest and 

capital gains and expenses are operating expenses including 12b-1 fees105.  Modigliani 

and Miller (1958) proposed that changes in firm value are derived from the firm’s 

operations and the utilization of its assets.  A similar argument can be made for mutual 

funds.  The returns of a mutual fund are derived from the earnings of its assets (dividends 

and interest) or the appreciation and depreciation of its assets (capital gains and losses).  

Therefore, the logical inputs in the examination of efficiency of a mutual fund would be 

its assets106.  Risk measures for mutual funds are readily available107.  The amount of risk 

to assume and the amount of return desired are jointly determined by the fund manager in 

                                                           
105 Load fees are paid directly by the investor, not by the fund.   
106 As will be shown later, the fund’s costs will be shown to be logical inputs also. 
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his assessment of the risk/return tradeoff required in the investment decision.  This means 

that risk should be treated as an output.  Expenses are a necessity of a mutual fund just as 

they are for an operating company.  Expenses reduce net return, but expenses can also be 

seen as used up assets.  Because investors prefer to incur fewer expenses, the implication 

is that expenses are also logically inputs.  The logical output for a mutual fund is better 

return than otherwise available of all forms because more return is preferred by investors 

rather than less return, which could include a smaller loss than otherwise. 

 

III.  Empirical Design 

The non-parametric data envelopment analysis (DEA) application used to 

compute efficiency originated with articles by Charnes, Cooper and Rhodes in 1978 and 

1981.  Banker, Charnes and Cooper (1984) extended the Charnes, Cooper and Rhodes 

model to allow for variable returns to scale, which is used in this essay.  DEA does not 

require an assumption about the distribution nor an a priori definition of the production 

function.  DEA is deterministic in that random error is not included in the model.  One 

advantage of DEA is the ability to model multiple inputs and multiple outputs into a 

single efficiency index rather than a just single output and multiple inputs as in regression 

analysis.  This index is the ratio of a virtual output divided by a virtual input.  The virtual 

input is a weighted average of actual inputs and the virtual output is a weighted average 

of actual outputs.  Rather than an explicit benchmark, funds are compared to a fund or 

                                                                                                                                                                             
107 Further development of the role of risk will be examined later.  The leverage used in some mutual funds 
would increase risk in addition to the usual sources of risk taken by choice of investments.  See for instance 
Fidelity’s Leveraged Company Fund. 
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combination108 of funds on the efficient frontier.  This frontier is composed of the best 

practice mutual funds and an efficiency score is computed based on the fund-of-interest’s 

distance from this efficient or best practice frontier.  Morey and Morey (1999) call this 

benchmark an achievable “fund of funds”.  Variable-returns-to scale, input oriented DEA 

is used in the following analysis.   

 There are several potential sources of inefficiency for a mutual fund.  Mutual 

funds need to stand ready to accept and invest new funds and to meet redemptions.  

These stochastic cash-flows require a fund to maintain some optimal amount of a cash 

cushion109.  Excess funds need to be invested and redemptions must be made in a timely 

manner.  Low yielding excess cash and cash equivalents and any non-earning assets 

would reduce a fund’s return and is thus seen as inefficient from an investor’s point of 

view.  The typical investor can hold cash outside the fund without incurring the fund’s 

expense burden to do so110.  The fund may not have achieved an optimal tradeoff between 

risk and return.  Expenses may be higher than is justified by the fund’s performance111.  

Also a fund may be managed poorly by investing in securities that have subpar 

performance indicating that a manager may be unable to use private information to 

                                                           
108 The combination of funds would be linear under Charnes, Cooper and Rhodes (1978). 
109 Some mutual funds may be closed to new investors.  Such a fund has less need to provide for stochastic 
inflows of funds (the fund may allow existing investors to add to their holdings) and as such should gain 
some degree of additional efficiency.  The typical mutual fund would still need to provide for the stochastic 
nature of outflows as the typical mutual fund, unlike many hedge funds, do not place many restrictions on 
withdrawals. 
110 Dukes and Wilcox (1992) found that funds with 12b-1 fees held a larger percentage of their assets in 
cash than did funds without a 12b-1 plan. 
111 Harris and Sarkar (1996) note that funds that use soft dollars for payment of operating expenses may 
reduce the accuracy of comparisons of funds with respect to expense ratios.  They also note that the 
availability of soft dollars may increase trading costs by encouraging fund managers to do business with 
brokers who charge more.  These excess trading costs would then reduce returns.  The net effect may be at 
best a reduction of a fund’s expense ratio because expenses are recognized as reductions in returns instead.  
More likely this may be an overall increase in expenses not readily observable because of this “soft-dollar 
effect”. 
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produce abnormal returns.  Excessive turnover may generate taxable112 income to the 

investor while incurring excess trading costs to the fund. 

 A simple way of determining which factors should be inputs and which should be 

outputs is by determining what an investor wants more of and what the investor wants 

less of.  More return is better than less return for a given investment (an input), all else 

equal, therefore the desirable output of a fund is gross return or net return depending on 

the research objective.  The theory of Modigliani and Miller (1958) that returns are a 

function of the assets of the firm implies that the beginning balance sheet of the mutual 

fund should be the source of inputs and the income statement becomes the source of 

outputs generated by those assets. 

The base model is: 

Return = f(Cash and other assets, Securities).           (1) 

This model uses DEA to measure the ability of a fund to use its technology to generate 

returns from its asset mix.  Return includes dividends, interest, realized capital gains and 

losses, unrealized capital gains and losses and expenses.  Expenses can be considered 

expended assets.  Doing so allows expenses to be moved from a reduction of return to an 

additional input as follows: 

Gross Return = f(Cash and other assets, Securities, Expenses).          (2) 

Dividing through by total assets provides the following well-known relationship: 

Gross return-on-assets = f(Percent invested in cash and other assets, Percent 

invested in securities, Expense ratio).             (3) 

                                                           
112 Examination of tax efficiency is outside the scope of this essay. 
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Because other assets are not separately reported the following equation is used to 

generate DEA scores: 

Percentage return on assets = f(Cash ratio, Securities and other asset ratio, 

Expense ratio)              (3a) 

The advantage of this version of the model is that it fits with the traditional reporting 

done by mutual funds.   

One of the basic tenets of finance is the risk return tradeoff.  An investor must 

assume additional risk to get additional return.  Murthi et al. (1997)113 considered the 

output (returns) a function of the inputs that include the expense ratio, load, turnover and 

the standard deviation of returns of the fund (risk) as an input.  This can be seen in their 

model114: 
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However, this is not the only view held by researchers.  Nguyen-Thi-Thanh (2006) 

assumes that risk and return are determined simultaneously by the investor.  More 

complex models assume that risk is an input and an output (Gregoriou, 2003; Gregoriou, 

Sedzro and Zhu, 2005; and Kooli, Morin and Sedzro, 2005)115.  Higher moments are also 

considered by investors (Kraus and Litzenburger, 1976; Sears and Wei, 1985; and Sears 

                                                           
113 Murthi, Choi and Desai (1997) are credited as the first to apply DEA to mutual funds.  Morey and 
Morey (1999) used DEA to examine mutual funds with an emphasis on risk and return over different time 
horizons.  Basso and Funari (2001) added subscription and redemption costs as inputs and a stochastic 
dominance indicator.  Basso and Funari (2002) extended the research by adding an ethical indicator to the 
inputs of the fund. 
114 R is the return in excess of the riskfree rate, x represents the expense ratio, loads and turnover, σ is the 
standard deviation of return, and w and v are weights associated with each of the components of the 
denominator.  See the appendix for additional discussion of the Murthi et al. (1997) model. 
115 This series of paper uses lower semi-variance as an input and upper semi-variance as an output.  
However it seems unclear that an investor would be able to choose which part of the risk distribution he 
chooses as an input or output. 
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and Wei, 1988).  Sengupta (2003) used skewness as an output.  Gregoriou (2003), 

Gregoriou, Sedzro and Zhu (2005), and Kooli, Morin and Sedzro (2005) use lower semi-

skewness as an input and upper semi-skewness as an output.  However, it is possible that 

risk and return are jointly determined, not separately determined.  A mutual fund 

manager, striving for return, must accept some level of risk.  A fund manager must make 

allocation decisions as part of the investment process of operating a fund.  These 

allocation decisions are made with respect to the inputs of the fund, primarily cash and 

securities.  An existing cash and security position at any point in time can be seen as a 

“sunk cost type decision”.  Going forward, investment decisions require the manager to 

make joint risk-return decisions.  A decision to do nothing also implies making the same 

type of choice.  The risk-return profile of an investment is a constantly changing one.  

Therefore, the decision to do nothing also implies a decision to accept a particular joint 

risk-return outcome going forward.  This means that that risk and return should be 

modeled as outputs (outcomes) in the DEA environment utilizing the advantage of DEA 

to handle multiple outputs.  The addition of risk becomes a matter of adding an additional 

output.  The standard deviation of returns is used to measure fund risk and no 

distributional form is imposed on the risk measure, unlike previous papers that used a risk 

measure as an output (see Thanh (2006) above).  The DEA model then becomes:   

ROA and (-risk116) = f(Cash ratio, Percent invested in securities and other 

assets117,expense ratio)              (4) 

                                                           
116 Risk is modeled with a negative sign because of a fund manager’s preference for less risk. 
117 The model used to compute DEA scores did not use the percent in securities and other assets.  Since 
total assets were divided into only two categories of assets, no additional information is added by using a 
third input. 
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All fund types are separated by eight fund objectives118.  Once a DEA score is obtained 

for each mutual fund, by objective, additional tests are used to determine the 

characteristics of the mutual funds and the characteristics of firms that improve their 

efficiency scores.  The first series of tests initially use the DEA score as the dependent 

variable, the inputs as described above, and additional variables found by previous 

researchers119 to be of particular interest are used as the independent variables.  Ordinary 

least squares regression (OLS) is used.  Therefore, to examine the characteristics of 

funds, the following OLS model is used following Dukes, English and Davis (2006): 

DEA Score = f(Percent invested in cash, Percent invested in 

securities and other assets, Expense Ratio, non-12b-1 expense ratio, Turnover,  

Fund size, Fund complex, Fund age, Multiple share classes).         (5) 

Turnover is the turnover the fund experienced during the year; fund size is the fund’s 

beginning-of-year assets; fund complex is an indicator variable that is 1 if the fund is a 

member of a fund family consisting of more than one fund and zero otherwise; fund age 

is the number of years the fund has been in existence; and multiple classes is an indicator 

variable that is 1 if a fund is a member of a fund that has multiple share classes. 

The Malmquist productivity score is the geometric average of the ratio of two 

distance functions and allows measurement of the change in firm efficiency between 

adjacent periods.  The Malmquist productivity score also used as a dependent variable in 

an OLS regression and the same inputs as equation (5) are then used to analyze the 

characteristics of mutual funds that improve in efficiency: 

                                                           
118 These are Standard and Poor’s Asset Class Codes.  Money market funds, global equity funds, asset 
allocation funds, intermediate term bond funds, large capitalization equity funds, long-term bond funds, 
middle and small capitalization funds and miscellaneous funds. 
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Malmquist Index = f(Percent invested in cash, Percent invested in securities and other 

assets, Expense Ratio, non-12b-1 expense ratio, Load, Turnover ratio, Fund size, 

Fund complex, Fund age, Multiple share classes).                      (6) 

Although the calculation of DEA scores produces a relative frontier, the Malmquist 

productivity score provides a means of calculating changes in efficiency from one period 

to the next.  This OLS regression provides a means of finding characteristics that may be 

important and common to funds that are able to increase their efficiency in a subsequent 

period.  Data is from the CRSP survivor bias free mutual fund database for the years 

2003 - 2006.   

 
 
IV.  Results of Empirical Analysis 

   
  Certain relationships are expected between fund characteristics and its efficiency.  

For example, funds with higher expense ratios and turnover ratios are expected to be less 

efficient than funds with lower incidents of those same fees and ratios.  Funds with higher 

12b-1 fees may or may not be less efficient than funds with lower 12b-1 fees.  The effect 

is dependent on whether the sum of the net expense ratio (the expense ratio net of the 12b-

1 fee) and 12b-1 fee is higher or lower, which is another way of asking whether the 

expense ratio is higher or lower.  However, funds with a 12b-1 fee are expected to be less 

efficient than funds without a 12b-1 fee, holding the expense ratio constant.  Funds with 

loads are expected to be less efficient than funds without loads.  Funds that are part a fund 

family (a fund complex), funds that have multiple share classes and larger funds are 

expected to be more efficient than funds that do not have those characteristics because 

                                                                                                                                                                             
119 Equation (5) is based in part on Malhotra and McLeod (1997) and Dukes, English and Davis (2006). 
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such funds may be able to spread their costs over a larger asset base therefore achieving 

economies of scale.  Funds that achieve higher returns are expected to be more efficient 

than funds that achieve lower returns, holding risk constant.  Similarly, funds that have 

lower risk are expected to be more efficient than funds with more risk, holding returns 

constant.  Older funds are expected to be more efficient than younger funds because of 

decreased trading to meet redemption needs, reduced trading needs, realization of 

economies of scale and because older funds no longer incur startup related costs.  Though 

higher cash ratios may be associated with lower efficiencies because of cash’s lower yield, 

higher cash ratios may reduce the cost of forced dispositions of securities because of 

redemptions.  Also, in bear markets, higher cash ratios may cushion the downturn though 

it may dampen return in bull markets.  Therefore the expectation of the effects of a higher 

or lower cash ratio may be ambiguous.   

Table 1 reports the summary statistics for mutual funds taken from the Center for 

Research in Security Prices Survivor-Bias Free Mutual Fund Database for the years 2003 

through 2006.  The first column describes the primary characteristic being examined for 

all funds.  Each panel represents a separate year.  The remaining columns represent a 

secondary set of fund characteristics that are of interest.  The differences between funds 

with and without the indicated characteristic are statistically significant at conventional 

levels unless otherwise noted.  The average efficiency of funds without 12b-1 fees is 

higher than the average efficiency of funds with 12b-1 fees for all four years examined 

and the difference is statistically significant at conventional levels for each year except 

2004.  Surviving funds have higher average efficiencies than non-surviving funds for all 

four years.  Similarly no-load funds have higher efficiencies than mutual funds that have a 
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load.  Contrary to expectations, single share class funds have higher efficiency scores than 

multiple share class funds.  Single share class funds may have higher efficiency scores 

because higher efficiency is required for their survival.  Money market and bond funds are 

more efficient than non-bond funds.  This may be because of a more competitive 

environment for these funds.  Finally, funds that are part of a fund complex are more 

efficient on average than those funds that are not part of a fund complex for the years 

2004 through 2006.  Table 1 also shows that funds with 12b-1 fees are associated with 

higher expense ratios and higher net expense ratios and the differences in expense ratios 

and net expense ratios are statistically significant for all four years.  This is consistent with 

the findings of Dukes, English and Davis (2006).  Table 1 also shows that 12b-1 fees are 

higher for load funds, multiple share class funds, non-bond funds.  The results are mixed 

as to whether funds that are part of fund complexes have higher or lower 12b-1 fees but 

the results are statistically significant whether higher or lower.  Nonsurviving funds are 

more often associated with higher 12b-1 fees than surviving funds but the results are 

occasionally not significant. 

Table 2 presents the distribution of efficiency scores by fund objective.  The fund 

objectives are defined by Standard & Poor’s Asset Class Code where MMF are money 

market funds, GEF are global equity funds, AAF are asset allocation funds, ITB are 

intermediate-term bond funds, LCE are large capitalization equity funds, LTB are long-

term bond funds, MSC are mid and small capitalization equity funds, and MISC are all 

other funds.  Money market funds showed the highest average efficiency score except for 

2005, a year in which a high proportion of the money market funds had either high or low 

efficiency.  The miscellaneous (MISC) category of funds tended to have the lowest 
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average efficiency scores, but this is a category for all funds that do not belong in one of 

the other seven categories.  Overall, for the four-year period, money market and bond 

funds tended to have higher average efficiency scores that may be indicative of a market 

that requires high efficiency for a fund to compete effectively. 

Tables 3 through 10 present a series of regression coefficient estimates for each of 

the mutual fund objectives previously defined.  Efficiency scores are used as the 

dependent variable in a series of OLS regression.  Size is a fund’s end-of-period net 

assets.  Age is the number of years a fund has been in existence.  Models 2, 3, and 4 

include use of the natural logarithm for size, the natural logarithm of age and the natural 

logarithm for size and age respectively.  Previous research suggests that use of the natural 

logarithm corrects for nonlinearities that may occur using only size and age120.  Models 5 

through 8 differ from the first 4 models by the use of a year indicator for each of the fund 

years 2003 through 2006.  Panel A uses the 12b-1 fee and the net expense ratio (the 

expense ratio net of the 12b-1 fee) as variables.  Panel B uses an indicator variable that is 

1 if the fund has a 12b-1 fee and 0 otherwise and the net expense ratio.  Panel C also uses 

an indicator variable for the 12b-1 fee and the fund’s expense ratio.  Turnover is the level 

of turnover for the fund during the year; gross returns is the capital gain (realized or not) 

and dividend income generated by the fund during the year; cash ratio is the percentage of 

the fund’s assets that is invested in cash and cash equivalents at period end; fund complex 

is an indicator variable for fund’s family firm membership; dead is an indicator variable 

that equals 1 if the fund is liquidated or merged during the year and 0 otherwise; and year 

indicators denote the use of indicator variables for each year.  Each year’s coefficient 
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estimate is statistically significantly different from zero at conventional levels indicating 

that average fund efficiency differs each year after 2003, the omitted year. 

Of particular interest in this series of tables is that the coefficient estimates on the 

12b-1 fees are negative and statistically significant at the 0.0001 level for each model 

specification for every fund objective except for large capitalization equity funds for the 

model specification that uses a 12b-1 indicator variable and the expense ratio121. 

Consistent with expectations, regression coefficient estimates on expense ratios 

and net expense ratios tended to be negative and statistically significant at the 0.0001 

level.  However, there were certain exceptions.  For large capitalization equity funds and 

long-term bond funds, the coefficients lacked statistical significance on occasion.  For 

middle and small capitalization equity funds, the coefficient estimates typically were not 

statistically significant and though sometimes positive, the coefficient estimates were 

never positive and statistically significant.  Only in the miscellaneous category did the 

coefficient for the net expense ratio turn positive and statistically significant, but the 

expense ratio was not statistically significant.  A positive and statistically significant 

coefficient estimate for the net expense ratio is consistent with a fund manager’s ability to 

generate additional returns from the information generated from the higher expenses.  On 

the other hand, the estimated coefficient on gross returns was universally positive and 

statistically significant at the 0.0001 level as expected. 

The estimated coefficient on the turnover ratio was frequently statistically 

insignificant.  However, when the ratio was statistically significant, the sign was negative.  

                                                                                                                                                                             
120 Dukes, English and Davis (2006) found economies of scale suggestive that the “effect of 12b-1 fees on 
the net expense ration may be reduced by the realization of nonlinear economies of scale”. 
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The estimated coefficient on size remained positive and statistically significant.  However 

the estimated coefficient on the natural logarithm of size would often lose statistical 

significance and occasionally would be negative and statistically significant when 

associated with bond funds.  The estimated coefficient on the age of the fund showed no 

particular pattern of sign or significance.  However, the estimated coefficient on the 

natural logarithm of the age of the fund tended to be negative and statistically significant 

except for some of the intermediate bond funds models where the estimated coefficients 

were positive and significant.  Whether or not a fund was part of a fund complex, the 

resulting estimated coefficient usually was not statistically significant.  This is contrary to 

the expectation that membership in a fund complex allows for economies of scale and 

scope, that is, to allow certain expenses to be spread over a larger asset base. 

The estimated coefficient on the cash ratio is usually positive and frequently 

statistically significant.  The only exception is that the estimated coefficient is negative 

and statistically significant for the miscellaneous category of other funds. 

Finally, though not presented, there is no clear pattern of significance or sign on 

the coefficient for multiple class shares or the interaction between whether a fund no 

longer exists and the 12b-1 fee or the 12b-1 fee indicator variable.  The only exception 

was on the interaction term for asset allocation funds where the estimated coefficient was 

negative and significant. 

Table 11 provides the OLS estimated regression coefficients where the dependent 

variable is the Malmquist productivity index and the independent variables are related to 

various fund characteristics.  Model 1 uses the fund’s 12b-1 fee and net expense ratio (the 

                                                                                                                                                                             
121 Separate regressions were run by fund objective for each year.  In no instance was the coefficient on 
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expense ratio net of the 12b-1 fee) as independent variables.  Model 2 uses the fund’s net 

expense ratio and an indicator variable that is 1 if a fund has a 12b-1 fee and 0 otherwise.  

Model 3 uses the same 12b-1 fee indicator variable and the fund’s expense ratio.  The 

common theme to these eight panels is that a fund increases its Malmquist productivity 

index by increasing its returns, increasing its risk (as measured by the standard deviation 

of its returns), decreasing its expense ratio or net expense ratio and increasing its cash 

ratio122.  The risk variable is constructed as a constant minus the standard deviations of 

returns to maintain nonnegative outputs.  Though not reported, year indicator variables for 

efficiency changes between years 2003 and 2004, years 2004 and 2005 and years 2005 

and 2006 were mostly positive and significant at conventional levels.   

 

V. Conclusions 
 

This essay contributes to the literature by showing that the findings of the 

detrimental effect of 12b-1 fees can be shown in a data envelopment analysis framework. 

DEA avoids the need for a benchmark.  The results indicate this ability to avoid the 

benchmark problem with DEA still provides results that are consistent with the current 

literature (where applicable), lending additional credence to the unique results found 

here.   

                                                                                                                                                                             
12b-1 fees positive and significant.  In general results were similar to those reported.  
122 The anticipated effect for the cash ratio is ambiguous.  A higher cash ratio may increase efficiency by 
reducing the costs associated with the forced liquidation of securities to meet redemptions.  However, a 
higher cash ratio suggests efficiency may be lower because of the lower return on cash and cash 
equivalents.  Some previous research suggests that higher cash ratios may reduce efficiency, Dukes, 
English and Davis (2006) for example.  However, the possibility that the consistent result that a fund’s cash 
ratio is positively related to its efficiency may be an artifact of the model used to calculate efficiency scores 
cannot be discounted.  
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Although Anderson, Brockman, et al. (2004) show that 12b-1 fees “exhibit the 

largest inefficiencies in all years”, their paper was restricted to real estate mutual funds 

and sample sizes that did not exceed several dozen funds.  This essay examines all fund 

types and increases the number of funds in a sample often to a few thousand and confirms 

Anderson, et al. (2004) conclusion about 12b-1 fees.  Justification for 12b-1 fees is 

lacking.  Finding that funds associated with 12b-1 fees tend to have higher expense ratios 

than funds without 12b-1 fees even after excluding 12b-1 fees is consistent with Dukes, 

et al. (2006) who utilized a very different research framework.  This negative and 

statistically significant association between 12b-1 fees and efficiency suggests investors 

do not seem to benefit from a mutual fund assessing 12b-1 fees. 

Unique to this essay is the use of the Malmquist productivity index to probe the 

driving characteristics of funds that improve their efficiency.  Funds that increased their 

efficiency do so by increasing their returns, increasing risk and reducing their expenses.   

Risk and return are included as outputs with no restrictions placed on the 

distribution of risk counter to prior literature.  The use of risk and return as outputs 

represents the joint decision of the tradeoff that a fund manager must make and is 

reflected in the DEA score.  This means returns are not risk-adjusted returns nor are 

returns conditional on the risk accepted if risk was treated as an input. 

Although variable returns-to-scale DEA is used, the estimated regression 

coefficient on fund size is consistently positive and statistically significant indicating that 

there are some economies of scale that are not captured by DEA.   

The estimated regression coefficient for funds in the miscellaneous category for 

the net expense ratio is frequently positive and often statistically significant and positive 
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which is consistent with the idea that some fund managers may be able to convert 

additional expense into additional return.  However, most fund types have a negative and 

statistically significant association between efficiency and the expense ratio and net 

expense ratio suggesting an investor is better off choosing funds with lower expenses that 

use passive rather than active management. 

The expectation for the cash ratio was ambiguous; however the results tend to be 

consistently positive and statistically significant123.  The only exceptions are a loss of 

statistical significance for the middle and small capitalization funds and for the 

miscellaneous category of funds, the estimated regressions coefficient were all negative, 

but lacked statistical significance. 

 

                                                           
123 Previous research seems to indicate the stronger effect should be a loss in efficiency as the cash ratio of 
a fund increases.  The results here are contrary to previous results.  As indicated earlier, these results may 
be an artifact of the model. 
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Table 2.  Distribution of Efficiency Scores by Fund Objective. 
This table presents the distribution of efficiency scores by fund objective.  The fund objectives are the 
Standard & Poor’s Asset Class Code where MMF are money market funds, GEF are global equity funds, 
AAF are asset allocation funds, ITB are intermediate-term bond funds, LCE are large capitalization equity 
funds, LTB are long-term bond funds, MSC are mid and small capitalization equity funds, and MISC are 
all other funds.  As shown in the table, money market funds tend to have a high proportion of funds with 
high efficiency scores.  In 2006, 81.92% of such funds had efficiency scores of 0.8 or better whereas 
miscellaneous funds (MISC) had 71.42% of funds with efficiency scores between 0.3 and 0.699. 
 

 
 
 
 
 
 
 
 
 
 
 
 

Panel A: 2006 MMF GEF AAF ITB LCE LTB MSC MISC
Dea Score = 1 2.70% 2.07% 3.90% 3.52% 2.23% 5.86% 2.84% 3.13%
0.9 ≤ DEA < 1.0 41.24% 1.88% 6.42% 7.11% 3.14% 10.51% 1.16% 2.17%
0.8 ≤ DEA < 0.9 37.98% 3.62% 15.16% 39.91% 6.51% 23.07% 4.49% 6.78%
0.7 ≤ DEA < 0.8 16.70% 7.66% 31.13% 42.28% 18.05% 26.33% 8.00% 8.43%
0.6 ≤ DEA < 0.7 1.20% 20.78% 23.38% 6.46% 27.65% 15.35% 14.04% 12.99%
0.5 ≤ DEA < 0.6 0.09% 41.75% 12.93% 0.50% 21.63% 9.58% 24.18% 17.64%
0.4 ≤ DEA < 0.5 0.09% 18.76% 5.04% 0.15% 13.77% 4.47% 26.68% 21.68%
0.3 ≤ DEA < 0.4 0.00% 2.02% 1.76% 0.00% 4.54% 4.00% 14.32% 19.11%
0.2 ≤ DEA < 0.3 0.00% 0.56% 0.24% 0.04% 1.62% 0.65% 3.62% 6.91%
0.1 ≤ DEA < 0.2 0.00% 0.52% 0.00% 0.04% 0.54% 0.00% 0.35% 0.83%
0.0 ≤ DEA < 0.1 0.00% 0.38% 0.05% 0.00% 0.32% 0.19% 0.32% 0.35%
Average score 0.880 0.585 0.714 0.804 0.624 0.739 0.543 0.537
Total Funds 2,330 2,127 2,104 2,616 4,073 1,075 2,849 2,302
Panel B: 2005         
Dea Score = 1 2.32% 2.47% 4.37% 2.11% 2.77% 7.59% 2.51% 2.40%
0.9 ≤ DEA < 1.0 37.40% 1.65% 5.63% 1.73% 1.85% 6.95% 1.95% 1.41%
0.8 ≤ DEA < 0.9 10.19% 2.88% 12.87% 6.84% 3.73% 10.01% 4.08% 2.49%
0.7 ≤ DEA < 0.8 1.07% 7.10% 24.99% 32.04% 9.89% 22.44% 6.48% 2.73%
0.6 ≤ DEA < 0.7 0.56% 12.24% 29.01% 40.35% 16.98% 23.60% 9.88% 4.14%
0.5 ≤ DEA < 0.6 1.72% 24.79% 17.00% 16.32% 21.13% 12.54% 17.07% 13.20%
0.4 ≤ DEA < 0.5 1.33% 37.29% 4.71% 0.49% 13.99% 9.48% 32.91% 26.60%
0.3 ≤ DEA < 0.4 3.40% 10.65% 1.21% 0.04% 11.55% 4.64% 21.34% 25.23%
0.2 ≤ DEA < 0.3 6.06% 0.77% 0.11% 0.04% 16.48% 2.53% 2.85% 15.23%
0.1 ≤ DEA < 0.2 11.78% 0.15% 0.06% 0.04% 1.43% 0.21% 0.71% 3.99%
0.0 ≤ DEA < 0.1 24.16% 0.00% 0.06% 0.00% 0.20% 0.00% 0.22% 2.58%
Average scores 0.549 0.542 0.701 0.690 0.524 0.684 0.516 0.430
Total Funds 2,326 1,994 1,741 2,659 3,568 949 2,671 2,128
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Table 2.  Continued. 
Panel C: 2004 MMF GEF AAF ITB LCE LTB MSC MISC
Dea Score = 1 4.60% 4.65% 4.29% 3.10% 3.65% 5.88% 4.70% 4.64%
0.9 ≤ DEA < 1.0 47.55% 3.58% 5.29% 4.60% 2.40% 8.66% 4.79% 2.77%
0.8 ≤ DEA < 0.9 31.70% 8.12% 13.79% 28.49% 4.48% 19.03% 14.52% 4.83%
0.7 ≤ DEA < 0.8 8.84% 21.06% 26.29% 35.91% 9.17% 22.74% 26.91% 7.08%
0.6 ≤ DEA < 0.7 5.60% 39.39% 26.50% 21.98% 10.65% 27.07% 25.93% 10.38%
0.5 ≤ DEA < 0.6 1.44% 19.03% 15.00% 5.46% 8.68% 14.39% 16.40% 15.73%
0.4 ≤ DEA < 0.5 0.26% 3.31% 6.93% 0.36% 6.31% 2.09% 5.11% 18.22%
0.3 ≤ DEA < 0.4 0.00% 0.59% 1.86% 0.09% 5.44% 0.08% 1.15% 14.06%
0.2 ≤ DEA < 0.3 0.00% 0.11% 0.07% 0.00% 7.58% 0.08% 0.33% 9.90%
0.1 ≤ DEA < 0.2 0.00% 0.11% 0.00% 0.00% 32.55% 0.00% 0.08% 5.74%
0.0 ≤ DEA < 0.1 0.00% 0.05% 0.00% 0.00% 9.09% 0.00% 0.08% 6.65%
Average scores 0.880 0.686 0.700 0.761 0.401 0.738 0.704 0.488
Total Funds 2,284 1,871 1,400 2,197 3,456 1,293 2,445 2,091
Panel D:2003         
Dea Score = 1 3.83% 5.42% 4.80% 2.81% 2.50% 5.46% 3.29% 4.15%
0.9 ≤ DEA < 1.0 58.98% 4.54% 2.45% 1.94% 2.17% 4.12% 1.76% 1.83%
0.8 ≤ DEA < 0.9 11.04% 9.03% 8.75% 9.85% 4.74% 8.70% 3.43% 4.26%
0.7 ≤ DEA < 0.8 6.13% 21.96% 16.09% 17.89% 12.30% 16.95% 10.52% 10.46%
0.6 ≤ DEA < 0.7 7.51% 38.67% 26.62% 31.33% 22.68% 11.37% 31.48% 18.10%
0.5 ≤ DEA < 0.6 9.18% 19.10% 31.51% 27.18% 28.68% 11.37% 38.66% 25.01%
0.4 ≤ DEA < 0.5 2.89% 0.99% 7.71% 8.08% 25.08% 18.62% 10.52% 17.04%
0.3 ≤ DEA < 0.4 0.34% 0.29% 1.41% 0.78% 1.49% 19.18% 0.19% 8.80%
0.2 ≤ DEA < 0.3 0.05% 0.00% 0.19% 0.09% 0.10% 4.01% 0.05% 7.36%
0.1 ≤ DEA < 0.2 4.91% 0.00% 0.00% 0.00% 3.24% 11.15% 4.64% 2.93%
0.0 ≤ DEA < 0.1 0.00% 0.00% 47.04% 4.32% 22.71% 11.15% 4.64% 0.06%
Average scores 0.847 0.700 0.653 0.656 0.602 0.591 0.623 0.559
Total Funds 2,038 1,717 1,063 2,314 3,082 897 2,157 1,807
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Table 11.  Malmquist Productivity Scores by Fund Objective. 
This table provides the estimated regression coefficients where the dependent variable is the Malmquist 
productivity index and the independent variables are related to various fund characteristics.  Model 1 uses 
the fund’s 12b-1 fee and net expense ratio (the expense ratio net of the 12b-1 fee) as independent variables.  
Model 2 uses the fund’s net expense ratio and an indicator variable that is 1 if a fund has a 12b-1 fee and 0 
otherwise.  Model 3 uses the same 12b-1 fee indicator variable and the fund’s expense ratio.  The common 
theme to these eight panels is that a fund increases its Malmquist productivity index by increasing its 
returns, increasing its risk (as measured by the standard deviation of its returns), decreasing its expense 
ratio or net expense ratio and increasing its cash ratio.   
 
Panel A:Money Market Funds Model 1 Model 2  Model 3
Intercept 0.9443100 *** 0.9445400 *** 0.9775200 *** 
Change in returns 0.0000074 *** 0.0000074 *** 0.0000030 *** 
Change in risk 0.0000063 *** 0.0000063 *** 0.0000026 *** 
Change in net expense ratio 0.0000001  0.0000000    
Change in expense ratio     0.0000027  
Change in 12b-1 fee 0.0022500      
12b-1 fee indicator   -0.0022000 * -0.0001096 ** 
Change in turnover ratio 0.0000017  0.0000017  -0.0000001  
Change in cash ratio 0.0000015 *** 0.0000015 *** 0.0000006 *** 
Change in fund size 0.0000029 *** 0.0000030 *** 0.0000009 * 
Class indicator 0.0056700 *** 0.0059900 *** 0.0009651 ** 
Load indicator -0.0013000  -0.0000504  0.0000081 *** 
Dead fund indicator 0.0002361  -0.0001440  0.0016600 ** 
Dead*12b-1 indicator 0.1619000  0.2939100  -0.0339600 *** 
F statistic 80.02 *** 80.68 *** 84.26 *** 
Adjusted R2  0.3041  0.3059  0.1277  
       
Panel B:Asset Allocation Funds Model 1 Model 2  Model 3
Intercept 0.9943900 *** 0.9944000 *** 0.9957000 *** 
Change in returns 0.0000010 *** 0.0000010 *** 0.0000009 *** 
Change in risk 0.0000008 *** 0.0000008 *** 0.0000007 *** 
Change in net expense ratio -0.0000002 *** -0.0000002 ***   
Change in expense ratio     -0.0000003  
Change in 12b-1 fee -0.0001402      
12b-1 fee indicator   0.0000858  0.0002079 ** 
Change in turnover ratio -0.0000006 *** -0.0000006 *** -0.0000006 *** 
Change in cash ratio 0.0000000  0.0000000  0.0000000  
Change in fund size 0.0000000  0.0000000  0.0000000  
Class indicator -0.0000279  -0.0000207  0.0000023 *** 
Load indicator 0.0003566 *** 0.0003030 *** 0.0000024 *** 
Dead fund indicator -0.0003187 * -0.0003222 * -0.0002512 * 
Dead*12b-1 indicator 0.0179500  0.0129300  -0.0028500 ** 
F statistic 215.12 *** 214.84 *** 186.42 *** 
Adjusted R2 0.3762  0.3759  0.3387  
*** Significant at 0.001 
**   Significant at 0.01 
*     Significant at 0.05 
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Table 11.  Continued. 
Panel C:Intermediate Term Bond 
Funds Model 1 Model 2  Model 3
Intercept 0.9946200 *** 0.9946000 *** 0.9955800 *** 
Change in returns 0.0000009 *** 0.0000009 *** 0.0000010 *** 
Change in risk 0.0000008 *** 0.0000008 *** 0.0000007 *** 
Change in net expense ratio -0.0000004 *** -0.0000004 ***   
Change in expense ratio     0.0000011  
Change in 12b-1 fee 0.0002193 **     
12b-1 fee indicator   0.0000233  0.0000078  
Change in turnover ratio -0.0000007  -0.0000003  -0.0000016 * 
Change in cash ratio 0.0000000  0.0000000  0.0000000  
Change in fund size 0.0000000  0.0000000  0.0000000  
Class indicator -0.0001827 *** -0.0001742 *** -0.0001286 ** 
Load indicator 0.0001086 *** 0.0000941 * 0.0000031 *** 
Dead fund indicator 0.0004060 *** 0.0004055 *** 0.0004339 *** 
Dead*12b-1 indicator -0.0065800  -0.0062200  0.0001748  
F statistic 614.87 *** 613.52 *** 498.46 *** 
Adjusted R2 0.5015  0.501  0.4465  
       
Panel D:Long-term Bond Funds Model 1 Model 2  Model 3
Intercept 0.9930200 *** 0.9930100 *** 0.9948100 *** 
Change in returns 0.0000015 *** 0.0000015 *** 0.0000013 *** 
Change in risk 0.0000011 *** 0.0000011 *** 0.0000009 *** 
Change in net expense ratio -0.0000002  -0.0000002    
Change in expense ratio     0.0000050 * 
Change in 12b-1 fee 0.0003018      
12b-1 fee indicator   0.0004485 ** 0.0005176 *** 
Change in turnover ratio -0.0000022  -0.0000018  -0.0000023 * 
Change in cash ratio 0.0000006 *** 0.0000006 *** 0.0000006 *** 
Change in fund size 0.0000005 *** 0.0000005 *** 0.0000003 * 
Class indicator -0.0005780 *** -0.0006865 *** -0.0005462 *** 
Load indicator 0.0005262 *** 0.0002565  0.0000036 *** 
Dead fund indicator 0.0001637  0.0001868  0.0006038 ** 
Dead*12b-1 indicator 0.0804900  0.0660500  -0.0039700 ** 
F statistic 97.88 *** 99.01 *** 89.53 *** 
Adjusted R2 0.2676  0.2699  0.2454  
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Table 11.  Continued. 
Panel E:Global Equity Funds Model 1 Model 2  Model 3
Intercept 0.9784700 *** 0.9783900 *** 0.9923000 *** 
Change in returns 0.0000029 *** 0.0000029 *** 0.0000015 *** 
Change in risk 0.0000029 *** 0.0000029 *** 0.0000013 *** 
Change in net expense ratio -0.0000022 *** -0.0000022 ***   
Change in expense ratio     -0.0000069 *** 
Change in 12b-1 fee -0.0000676      
12b-1 fee indicator   0.0003502 ** 0.0000004  
Change in turnover ratio -0.0000001  -0.0000001  -0.0000011 *** 
Change in cash ratio 0.0000011 *** 0.0000011 *** 0.0000003 ** 
Change in fund size 0.0000000  0.0000000  -0.0000003 *** 
Class indicator 0.0000466  0.0000286  -0.0000004  
Load indicator 0.0008241 *** 0.0006900 *** 0.0000048 *** 
Dead fund indicator 0.0001744  0.0000221  0.0030300 *** 
Dead*12b-1 indicator 0.1236700 *** 0.1153100 *** -0.0089000 *** 
F statistic 775.14 *** 776.86 *** 263.95 *** 
Adjusted R2 0.6256  0.6261  0.3578  
       
Panel F:Large Capitalization 
Equity Funds Model 1 Model 2  Model 3
Intercept 0.9851100 *** 0.9852000 *** 0.9959700 *** 
Change in returns 0.0000021 *** 0.0000021 *** 0.0000009 *** 
Change in risk 0.0000022 *** 0.0000022 *** 0.0000010 *** 
Change in net expense ratio -0.0000015 *** -0.0000015 ***   
Change in expense ratio     -0.0000164 *** 
Change in 12b-1 fee 0.0004677 ***     
12b-1 fee indicator   -0.0001728  -0.0007062 *** 
Change in turnover ratio -0.0000002  -0.0000002  -0.0000004 * 
Change in cash ratio 0.0000011 *** 0.0000010 *** 0.0000002  
Change in fund size 0.0000000  0.0000000  -0.0000001  
Class indicator 0.0002966 *** 0.0002898 *** 0.0000028 *** 
Load indicator -0.0003168  -0.0002144  0.0000032 *** 
Dead fund indicator 0.0012200 *** 0.0013300 *** 0.0025000 *** 
Dead*12b-1 indicator 0.0317700  0.0321700  -0.0043000 * 
F statistic 264.09 *** 261.77 *** 191.86 *** 
Adjusted R2 0.2387  0.2371  0.182  
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Table 11.  Continued. 
Panel G:Small and Mid-Cap 
Equity Funds Model 1 Model 2  Model 3
Intercept 0.9908600 *** 0.9907200 *** 0.9944500 *** 
Change in returns 0.0000012 *** 0.0000012 *** 0.0000008 *** 
Change in risk 0.0000011 *** 0.0000011 *** 0.0000007 *** 
Change in net expense ratio -0.0000005 *** -0.0000004 ***   
Change in expense ratio     0.0000035 ** 
Change in 12b-1 fee -0.0008617 ***     
12b-1 fee indicator   0.0008836  0.0004477  
Change in turnover ratio 0.0000008  0.0000009 * 0.0000007  
Change in cash ratio 0.0000000  0.0000001  0.0000000  
Change in fund size 0.0000000  0.0000000  0.0000000  
Class indicator -0.0000503  -0.0000431  0.0000042 * 
Load indicator 0.0006660  0.0003124  0.0000022 *** 
Dead fund indicator -0.0006039  -0.0015600  -0.0007760  
Dead*12b-1 indicator -0.0129300  -0.0013400  -0.0031100  
F statistic 27.94 *** 25.39 *** 27.57 *** 
Adjusted R2 0.0424  0.0385  0.0407  
       
Panel H:Miscellaneous Funds Model 1 Model 2  Model 3
Intercept 0.9878900 *** 0.9878500 *** 0.9968100 *** 
Change in returns 0.0000012 *** 0.0000012 *** 0.0000004 *** 
Change in risk 0.0000016 *** 0.0000016 *** 0.0000006 *** 
Change in net expense ratio -0.0000017 *** -0.0000016 ***   
Change in expense ratio     -0.0000031 *** 
Change in 12b-1 fee -0.0002400 ***     
12b-1 fee indicator   0.0004679 * -0.0005273 ** 
Change in turnover ratio 0.0000001  0.0000002  -0.0000007 ** 
Change in cash ratio 0.0000002 * 0.0000002 ** -0.0000004 *** 
Change in fund size 0.0000001  0.0000001  -0.0000002  
Class indicator 0.0000418  0.0000441  0.0000061 *** 
Load indicator 0.0000040  -0.0002797  0.0000015 *** 
Dead fund indicator -0.0005914  -0.0008325 * 0.0020200 *** 
Dead*12b-1 indicator 0.0849600 * 0.0835200 * -0.0022600 * 
F statistic 388.87 *** 382.79 *** 308.07 *** 
Adjusted R2 0.4418  0.4379  0.3723  
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APPENDIX A 
 

Review of the Theory and Measurement of Abnormal Profits 
 
 

Several performance measures have been developed to determine whether a 

portfolio manager has the ability to outperform some index on a risk-adjusted basis.  One 

of the earliest of these was the Treynor measure as described in Treynor (1965).  Sharpe’s 

measure and Jensen’s measure shortly followed in Sharpe (1966) and Jensen (1968), 

respectively.  Treynor’s measure, 
p

fp rr
β
−

, measures the excess return per unit of risk of a 

portfolio where the risk measure is βp, a measure of the portfolio’s systematic risk.  The 

variable pr represents the average portfolio return and fr  represents the average risk free 

rate for the period under measure.  Sharpe’s measure is similar, but the portfolio’s 

standard deviation, represented by σp is used to measure risk as total volatility.  Jensen’s 

measure is constructed somewhat differently.  The average excess return of a portfolio 

above what is predicted by the capital asset pricing model (CAPM124) provides a 

manager’s alpha value, denoted by αp
125.  Formally, Jensen’s alpha126 is given by 

)]([ fMpfpp rrrr −+−= βα , where the variables pr , fr , and βp are defined as before and 

rM is the return of the market.  Some varieties of Jensen’s measure may use a version of 

the arbitrage pricing theory (APT) model or other asset-pricing model rather than the 

                                                           
124 Of course, the CAPM comes in several varieties including the zero beta and ICAPM among others. 
125 The excess return that a manager can earn compared to some index (for the risk taken) is denoted by αp. 
126 Jensen’s alpha tells us whether the fund in question performs better than the market proxy and cannot be 
used to compare funds.  The result is a beat or not beat result compared to the market index rather than a 
better or worse result between funds. 
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CAPM.  Additionally, the choice of index127 used to proxy the market return, rM , may 

also differ, especially if the 

fund’s objective is sufficiently narrow to require a specialized index.  Other variations are 

possible, for instance, Elton, Gruber, Das and Hlavka (1993) use a multi-index model: 

iFDiDFSiSFMiMiFi eRRRRRRRR +−+−+−+=− )()()( βββα , where RM is the return 

on the S&P 500 index, RS is the return on a non-S&P 500 index and RD is the return on a 

bond return index.  Each index has been made orthogonal to one another.  Of course, 

other multi-index measures are possible, Elton et al., (1993) used a variety of indexes in 

their study.  Grinblatt and Titman (1989) use a benchmark they call P-8 that was designed 

to overcome some of the problems associated with the CAPM as evidenced by 

“anomalies128”.  P-8 is an eight portfolio benchmark that uses security characteristics and 

industries such that the intercepts of 109 passive portfolios approach zero, indicating a 

near zero portfolio alpha.  Comparison of a fund with P-8 would provide an alpha 

measure of performance.  Grinblatt and Titman (1993) attempt to avoid the benchmark 

problem entirely by using the correlation between returns and portfolio holdings of a 

security while in the portfolio to the security’s return after the security is dropped from 

the portfolio.  Of more recent vintage is the M2 measure discussed in Modigliani and 

Modigliani (1997).  The managed portfolio is mixed with a risk-free asset (such as 

Treasury bills) such that this adjusted portfolio has the same risk as some market index 

                                                           
127 The choice of the index used to proxy the market is quite important.  Alpha represents the additional 
return earned by the fund manager in excess of the market as measured by the chosen index.  This index 
provides a measure of a baseline return to be exceeded by the fund manager.  The index may also be chosen 
on the basis of the fund’s investment objective.  For instance, a fund that specializes in small capitalization 
stocks may use a small capitalization stock index as its index. 
128 The return anomalies include size, dividend yield, beta-pricing and other problems of the CAPM noted 
in the asset pricing literature. 
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(such as the S&P 500).  Because, in this example, the S&P index and the adjusted 

portfolio have the same risk, performance is measured by comparing returns. 

 Another means of avoiding the benchmark problem is the use of DEA.  Rather 

than a benchmark, the fund under observation is compared to the most efficient funds as 

identified by DEA.  Murthi, Choi and Desai (1997) construct their DEA portfolio 

efficiency index or DPEI as 

follows: 
∑
=

+
= I

i
ii vxw

R
DPEI

1
00

0

σ
, where R0 is one year return of a dollar, wi represent the 

weights applied to xi (the value of various transaction costs) and v is a weight applied to 

σ0, the standard deviation of returns.  Thus the output of returns of a fund is a function of 

the inputs which include the expense ratio, load, turnover and the standard deviation of 

returns of the fund.  Morey and Morey (2004) examined real estate mutual funds.  Their 

DEA model used annual returns as the output.  Inputs included the 12b-1 expense ratio, 

the fund’s non-12b-1 expense ratio (the fund’s load was not included in the expense ratio) 

and the standard deviation of returns.  Effects of the 12b-1 expense ratio were not 

separately examined as emphasis was on the relative importance of different return 

horizons. 
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